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Abstract
Large language models (LLMs) have rapidly evolved from language generation models into autonomous
agents capable of solving increasingly complex and long-horizon tasks. This evolution has been accom-
panied by a series of emerging engineering paradigms, including Prompt Engineering for eliciting model
capabilities, Context Engineering for managing information access, Harness Engineering for organizing
external tools and resources, and Loop Engineering for enabling continual reflection and self-improvement.
However, as real-world tasks grow in complexity, a fundamental limitation of individual intelligence
emerges: many tasks inherently require heterogeneous expertise, interdependent subtasks, parallel execu-
tion, independent verification, and persistent state, and these requirements exceed the organizational capac-
ity of any single agent. Simply augmenting an individual agent’s capabilities or context cannot resolve this
architectural mismatch. Instead, intelligence must be distributed across multiple specialized agents and or-
ganized at the system level. We refer to this capability as System Intelligence: the ability of an agent system
to organize and coordinate multiple intelligent components into a coherent, adaptive whole that pursues
a shared objective. Achieving System Intelligence, however, demands more than merely increasing the
number of agents; it requires explicit structures for organizing work, coordinating heterogeneous agents,
and maintaining evolving execution states. In this survey, we introduce Graph Engineering, an emerging
paradigm for building next-generation agent systems. Unlike previous paradigms that primarily optimize
individual interactions or agent-level behaviors, Graph Engineering focuses on constructing explicit, dy-
namic, and evolving graph structures that represent tasks, agents, and system states. Such graph-based
abstractions provide a unified foundation for organizing complex objectives, orchestrating heterogeneous
agents, modeling system dynamics, and enabling scalable agent evolution. In this paper, we systematically
review the principles, methodologies, and applications of Graph Engineering in the era of LLM agents.
All the related resources, including research papers, open-source data, and projects, are collected for the
community at https://github.com/DEEP-JLU/Awesome-Graph-Engineering.
$ Email: qinggangzhang@jlu.edu.cn
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Figure 1 : Overview From Model Intelligence to System Intelligence. Prompt and Context Engineering elicit and condition the
access of foundation models to realize model intelligence. Harness and Loop Engineering extend and orchestrate agentic capabilities
to enable Individual Intelligence. Graph Engineering builds on the foundation of individual agents through Task Organization, Agent
Coordination, and Runtime State Management, empowering System Intelligence.

1 Introduction

Large language models (LLMs) have rapidly evolved into a foundational component of modern intelligent systems,
driven by substantial advances in language understanding, reasoning, generation, and decision making [26, 48, 57,
120, 334, 336]. This progress has largely followed two complementary directions: strengthening the capabilities en-
coded in model parameters during training [52, 221, 267] and improving how these capabilities are activated and
utilized at inference time [9, 23, 290, 371]. Specifically, early research primarily focused on the former, using large-
scale pre-training and post-training to expand and refine the knowledge and reasoning capabilities of individual mod-
els [26, 57, 221, 370]. More recently, increasing attention has shifted toward inference-time engineering, where
Prompt Engineering and Context Engineering serve as complementary approaches for shaping model
behavior. Prompt Engineering [23, 355, 371] structures task descriptions, instructions, and constraints to guide
model reasoning, whereas Context Engineering [70, 176, 214] determines and organizes the task-relevant infor-
mation, external knowledge and intermediate results available to the model during inference. Together, these techniques
constitute the primary mechanisms for developing and eliciting Model Intelligence, which characterizes the ability of
an individual model to leverage its knowledge and reasoning capabilities to solve tasks within a given context.

Despite recent advances in Model Intelligence, its scope remains bounded by what an individual model can access,
maintain, and accomplish within a standalone inference process. Many real-world tasks, however, require access to
external knowledge and tools, interaction with dynamic environments, and iterative adaptation over extended execution
horizons [176, 307, 356]. These requirements have motivated a paradigm shift from developing more capable language
models toward constructing autonomous systems around these models, leading to the emergence of LLM-based agents.
Conceptually, such an agent can be characterized as:

Agent = Loop(LLM+Harness).

Here, Harness Engineering extends the capability boundary of the model by connecting it to heterogeneous
resources and functional components, including external knowledge [13, 460], tools [287, 290], memory [405, 414],
and skills [344, 462]. Loop Engineering further organizes these capabilities into a persistent execution pro-
cess through iterative cycles of planning, action, observation, verification, and adaptation [121, 386]. In this sense,
Harness Engineering determines what capabilities and resources are available to the agent and how these capa-
bilities are orchestrated during execution, whereas Loop Engineering defines how the agent continuously inter-
acts with the environment and adapts its behavior in response to evolving task states and external feedback. Together,
they transform an LLM from a response-generating model into a goal-directed autonomous entity capable of sustained
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interaction with environments, giving rise to what we term Individual Intelligence, the ability of an individual agent
to extend model-level reasoning into persistent, goal-directed execution through resource orchestration and iterative
interaction with the environment.

However, as real-world tasks grow in complexity, a fundamental limitation of individual intelligence emerges: many
tasks inherently require heterogeneous expertise, interdependent subtasks, parallel execution, independent verification,
and persistent state, and these requirements exceed the organizational capacity of any single agent [64, 88, 93, 155,
288, 415]. For example, real-world tasks, like scientific discovery and software engineering, often require specialized
reasoning to be performed concurrently, intermediate results to be exchanged and validated, and execution states to be
maintained across long-running processes. When such tasks are executed within a single agent loop, these heteroge-
neous processes are forced into a common context and a centralized execution trajectory. This creates several structural
bottlenecks: task-relevant information competes for contextual capacity, dependent operations are mediated through a
predominantly sequential control process, and the states of different tasks and agents are forced into a single shared
context, making it impossible to isolate concurrent work, synchronize on shared results, or recover partial progress
independently.

As tasks become increasingly heterogeneous, interdependent, and long-horizon, simply augmenting an individual
agent’s capabilities or context cannot resolve this problem [110, 214, 288]. Instead, intelligence must be distributed
across multiple specialized agents and organized at the system level [159, 284]. We refer to this capability as System
Intelligence, as shown in Fig. 4: the ability of an intelligent system to decompose and organize complex objectives,
allocate responsibilities across heterogeneous computational agents, coordinate their interdependent execution, and
maintain system-level state throughout the task lifecycle. Importantly, System Intelligence is not equivalent
to simply increasing the number of agents. A multi-agent system may contain multiple capable agents while still
lacking effective work organization, clear responsibility boundaries, coordination mechanisms, or consistent state man-
agement [30, 317]. Moving from Individual Intelligence to System Intelligence therefore requires
a shift from agent-centric execution to system-level organization, where the central challenge is no longer how to repli-
cate or specialize agents, but how heterogeneous components can be organized and coordinated to operate as a coherent
system.

To this end, we introduce Graph Engineering, a novel engineering paradigm in which graph structures are used to orga-
nize and control task execution, agent coordination, and runtime state evolution for system-level intelligence. From a
system perspective, as shown in Fig. 2, Graph Engineering addresses three fundamental organizational problems.
(i) Task Organization determines how a global objective is decomposed into executable units and how dependencies, or-
dering, concurrency, and verification constraints among them are represented. (ii) Agent Coordination determines how
these units of work are mapped onto heterogeneous agents and computational components, and how their communi-
cation, delegation, synchronization, and result integration are structured. (iii) Runtime State Management determines
how the evolving state of execution is represented and maintained, enabling the system to track progress, reconcile
concurrent updates, preserve provenance, isolate failures, and recover or adapt when execution deviates from plan.
Together, these three dimensions transform graph structures from static representations into operational mechanisms
for organizing and governing the execution of agent systems, thereby providing a structural foundation for System
Intelligence.

Generally, we make the following contributions:

• Section 2 defines the core concepts of Individual Agents and Agent Systems. It characterizes an Individual
Agent through its Foundation Model, Agent Harness, Agent Loop, and local runtime state, and an Agent System
through its agent team, shared resources, environment, coordination mechanisms, and system-level state.

• Section 3 traces the evolution from Model Intelligence to Individual Intelligence and establishes the need for
System Intelligence. It clarifies the roles of foundation-model development, Prompt and Context Engineering,
and Harness and Loop Engineering, and identifies the structural limitations that motivate Graph Engineering.

• Section 4 formulates Graph Engineering as a system-level engineering paradigm and organizes the field into three
interconnected views: Task Organization for structuring tasks, dependencies, and execution processes;
Agent Coordination for organizing heterogeneous components and their collaboration; and Runtime
State Management for tracking runtime states, supporting recovery, and enabling adaptation.
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• Sections 5 and 6 outline open challenges and future research directions toward ontology engineering, dynamic
and self-evolving graph systems, and graph-native agent operating systems.

• Section 7 synthesizes representative benchmarks, datasets, and executable environments across Model, Individ-
ual, and System Intelligence. It further identifies evaluation principles and open challenges concerning structural
fidelity, operational correctness, system evolution, and governance.

• Section 8 surveys representative open-source libraries and engineering systems across the three intelligence
levels. It examines how existing software stacks support model development, persistent agent runtimes, and
multi-component orchestration, while highlighting gaps in interoperability, cross-run structural evolution, and
state provenance.

• Section 9 reviews applications of Graph Engineering across software engineering, scientific discovery, health-
care, enterprise workflows, general-purpose digital agents, and social and economic simulation. It shows that
Work Organization, Agent Coordination, and Runtime State Management are increasingly common in practice,
whereas persistent System Evolution remains limited.

2 Preliminaries

We first clarify two fundamental concepts underlying Graph Engineering: the Individual Agent and the Agent System.
The former defines the capabilities and operational mechanism of an autonomous entity, whereas the latter describes
how multiple agents and supporting components are organized into a dynamic intelligent system.

2.1 Individual Agent

An Individual Agent is an autonomous computational entity that perceives its environment, makes decisions, executes
actions, and adapts its behavior according to feedback. It consists primarily of a Foundation Model and an Agent
Harness. The Foundation Model serves as the cognitive core, providing capabilities such as language understanding,
reasoning, planning, and content generation. The Agent Harness extends these intrinsic capabilities through interfaces
for perception and context construction, memory and knowledge access, tool invocation, reusable skills, and runtime
governance.

These components are organized over time by an iterative Agent Loop, which repeatedly performs perception, reason-
ing, action, feedback processing, and state update. An Individual Agent can therefore be abstracted as

Ai = Loop(Fi,Hi; s
t
i), (1)

where Fi denotes the Foundation Model, Hi denotes the Agent Harness, and sti denotes the runtime state of agent
i at time t. In this formulation, the Foundation Model determines the agent’s intrinsic cognitive capabilities, the
Harness determines the resources and action spaces it can access, and the Loop determines how these capabilities are
continuously employed.

2.2 Agent System

An Agent System extends the Individual Agent abstraction to a collection of agents that operate through shared re-
sources, external environments, and coordination mechanisms. At time t, an Agent System can be represented as

St =
(
At,Rt, Et,Πt,xt

)
, (2)

where the system consists of the following elements:

• Agent Team At: A collection of Individual Agents, each with its own Foundation Model, Harness, Agent Loop,
and local runtime state. Agents may assume different roles, possess different capabilities, and undertake different
tasks.

• Shared Resources Rt: Resources and services accessible to multiple agents, including tools, model services,
memory, knowledge bases, verifiers, and human support. Each agent accesses these resources through its Har-
ness.
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Loop Architecture StateFlow [383] Magentic-One [84] AIOS [240] AgentBoard [231] AdaPlanner [328] When Agents Do Not Stop [122]
Stop Hand-Holding Your Coding Agent [235] ResearchLoop [386] Proof-or-Stop [131]

Interaction Paradigm
Beyond Message Passing [440] Internet of Agents [361] LACP [192] Beyond the Protocol [325] AgentRx [19]
Supervising Ralph Wiggum [407] From Function Calls to MCPs [352] Sovereign Agentic Loops [115]
The Log is the Agent [252]

Environment Feedback EurekAgent [395] LEVER [253] CRITIC [100] Executable Code Actions [357] ToolSandbox [227]
OSWorld [394] DeltaBox [67]

System Intelligence

Graph Engineering

Task Organization
HuggingGPT [317] ReWOO [398] LLMCompiler [156] Plan-over-Graph [464] TDAG [362] Flow [256] VFlow [373]
GPTSwarm [498] ADAS [125] AutoFlow [198] AFlow [456] A2Flow [473] MermaidFlow [476] DynTaskMAS [435]
DyFlow [363] EvoFlow [450] QualityFlow [127] FlowSteer [181] AgenticLab [159] ScalingAgent [159]

Agent Coordination

DyLAN [220] Agent-Oriented Planning [177] MasRouter [445] AutoAgents [30] EvoAgent [442] Collaborative Gym [314]
AOrchestra [303] Captain Agent [178] MaAS [451] SkillGraph [254] MetaGPT [119] ChatDev [286]
Magentic-One [84] AgentVerse [37] Puppeteer [53] AgentNet [424] MacNet [288] SwarmAgentic [471]
Mixture-of-Agents [346] G-Designer [449] AMAS [174] AgentPrune [452] AgentDropout [368] DyTopo [228]

State Management

StateFlow [383] AutoGRAMS [162] Magentic-One [84] Graph of States [230] LangGraph [166] Burr [12] Aegis [326]
LlamaIndex Workflows [223] Pydantic AI [282] AutoGen [381] Sovereign Agentic Loops [115] LATS [483]
PatchBoard [467] MemTX [195] Cordon [42] Atomix [249] SagaLLM [29] ALAS [93] RAC [279] ProPlay [232]
DART [419] AgentGit [196] Shepherd [437] The Log is the Agent [252] Concurrency Anomaly Prevention [155]
CausalFlow [24] ReflexGrad [147] TDAD [4] Who & When [465] MAST [28] Living-Harness [68] APEX [197]

System Evolution
QueenBee Planner [335] ReCreate [112] SkillGraph [254] Swarm Skills [470] MemTX [195] The Log is the Agent [252]
TDAG [362] Flow [256] DynTaskMAS [435] DyFlow [363] EvoFlow [450] QualityFlow [127] FlowSteer [181]
SwarmAgentic [471] AgentNet [423] Self-Organizing Agents [60] Meta-Team [113] DyTopo [228] CARD [382]

Ontology
Engineering

OntoExtend [204] OntoSpecification [103] iCARE [376] OG-MAR [309] CAPAS [364] LaMAS4PD [297] Agentology [266]
OntoCodex [77] AgentO [71] Ontology-to-Tools [490] Ontology SLR [184] Palantir Ontology [270]

Figure 2 : A Taxonomy of Evolving Techniques in the Era of LLM Agents.

• Environment Et: The external environment that the Agent System perceives and acts upon. It provides observa-
tions and feedback and evolves in response to agent actions.

• Coordination Mechanisms Πt: Mechanisms that determine how agents assign tasks, exchange information, inte-
grate results, resolve conflicts, and handle failures.

• System State xt: The system-level runtime information, including task progress, shared results, agent availability,
resource status, environmental changes, and failure records. Unlike the local state sti of an Individual Agent, xt

describes the operational condition of the entire system at time t.

The behavior of an Agent System therefore depends not only on the capabilities of its Individual Agents, but also on
how shared resources are used, how agents coordinate with one another, and how the system state evolves throughout
execution.

3 From Model Intelligence to Individual Intelligence

LLM-based intelligent systems have increasingly evolved from improving problem solving within individual infer-
ence processes toward constructing autonomous systems capable of sustained goal pursuit, external resource use, and
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Figure 3 : From model intelligence to individual intelligence. Foundation-model capability is progressively transformed
through task conditioning, persistent execution support, and feedback-controlled interaction into a capable, persistent, and goal-
directed agent. The limitations of individual intelligence motivate the subsequent transition toward system intelligence.

environmental interaction. In the first stage, pre-training and post-training encode knowledge and general reasoning
capabilities into model parameters, while Prompt Engineering and Context Engineering guide these capabilities to-
ward effective use in specific tasks and contexts, giving rise to Model Intelligence. However, such intelligence remains
bounded by relatively self-contained inference processes, limiting the model’s ability to maintain persistent state, per-
form external actions, and continuously adapt to environmental feedback. To overcome these limitations, Harness
Engineering connects the model to external knowledge, memory, tools, skills, and execution environments, thereby
expanding its accessible and executable capabilities. Loop Engineering further organizes model reasoning and external
capabilities into persistent cycles of planning, action, observation, verification, and adaptation. Through this transition,
intelligence extends beyond problem solving within a given context toward Individual Intelligence, whereby an agent
can use resources over time, adapt to its environment, and autonomously pursue goals. Fig. 3 summarizes this pro-
gression from the parametric capabilities of foundation models, through inference-time capability activation, external
capability extension, and closed-loop execution, to individual intelligence.

3.1 Foundation Models: Establishing Model Intelligence

As LLMs have become increasingly capable [26, 48, 259], they have acquired general knowledge, reasoning, and
problem-solving abilities that can be transferred across a wide range of tasks. These capabilities are largely encoded
in model parameters through large-scale pre-training and subsequent Post-training [57, 101], forming the internal
capability base of Model Intelligence. We refer to this process as parameter-level capability development, which
typically involves two major stages: Pre-training and Post-training. Pre-training establishes a broad and reusable
capability base, while Post-training further shapes how these capabilities are expressed and extends them toward desired
behaviors and more complex task capabilities.

3.1.1 Pre-training

The development of Pre-training has been largely guided by scaling laws, which show that model performance improves
as model size, training data, and computational resources are increased in a balanced manner rather than through param-
eter growth alone [118, 150]. Under this scaling paradigm, representative models such as GPT-3 [26], Gopher [292],
LLaMA [336], Llama 3 [101], and DeepSeek-V3 [57] progressively strengthened general knowledge and problem-
solving capabilities through larger-scale and more effective training. Its effectiveness depends on how scaling is real-
ized through data, model architecture, and training strategy. High-quality and carefully curated data improve the quality
and efficiency of knowledge acquisition [171, 183, 278]. Scalable architectures, including dense models and sparse
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mixture-of-experts models such as Switch Transformer [75], Mixtral [140], and DeepSeekMoE [52], determine how
model capacity can be expanded under practical computational constraints. Training strategies further determine how
data scale, model capacity, and computational resources are allocated and coordinated during optimization. Advances
in these areas have progressively strengthened the general capability base established during Pre-training.

3.1.2 Post-training

Post-training further updates model parameters so that the general capabilities acquired through Pre-training can be
expressed as more controllable and reliable behaviors, while also developing capabilities for increasingly complex
tasks [160, 291]. Based on their primary roles in modern training pipelines [164, 410], their development can be broadly
discussed along three directions: Supervised Fine Tuning (SFT), Preference Alignment, and Reinforcement Learning
(RL) for capability development. SFT evolved from early instruction tuning methods such as FLAN [370], T0 [305],
and FLAN-PaLM [49] toward larger and more diverse instruction collections such as the Flan Collection [224], im-
proving instruction following, response formatting, reasoning patterns, and task adaptation [61]. Preference Alignment
introduced explicit human or model feedback: InstructGPT [267] established the influential RLHF pipeline, Consti-
tutional AI [17] and RLAIF [169] extended alignment toward AI-generated principles and feedback, and DPO [293]
simplified preference optimization by directly learning from preference pairs. More recently, RL has increasingly
shifted from preference alignment toward direct capability development through verifiable rewards and environmental
feedback. DeepSeekMath [315] introduced GRPO for mathematical reasoning, while DeepSeek-R1 [105] demon-
strated that large-scale outcome-based RL can induce extended reasoning behaviors; subsequent methods such as
DAPO [436], Dr. GRPO [221], and GSPO [477] further improve the stability and effectiveness of reasoning-oriented
RL. This paradigm has also expanded toward agentic RL: Search-R1 [145] trains models to interleave reasoning with
search, while ReTool [76], ToolRL [287], and ToRL [78] extend RL toward tool-integrated reasoning. WebRL [285],
RAGEN [367], and WebAgent-R1 [374] further extend RL to interactive and multi-turn agent trajectories, while Agent
Lightning [229] and DynaWeb [59] explore more general and scalable training frameworks for agents interacting with
external environments. Modern Post-training pipelines therefore combine demonstrations, preference signals, verifi-
able rewards, and interaction feedback to jointly improve instruction following, behavioral alignment, reasoning, and
agentic capabilities.

Together, Pre-training and Post-training determine the knowledge, reasoning abilities, and behavioral capabilities avail-
able to a model at the parameter level. However, a general capability base does not automatically translate into effective
performance on a specific task. At inference time, the model still requires appropriate task descriptions, behavioral con-
straints, and task-relevant information to identify and apply the capabilities needed for the current problem.

3.2 Prompt and Context Engineering: Eliciting and Conditioning Model Intelligence

Pre-training and Post-training establish general capabilities at the parameter level, but these capabilities do not automat-
ically translate into effective performance on specific tasks. Without modifying model parameters, Prompt Engineering
and Context Engineering adapt these capabilities by shaping the control signals and information environment available
at inference time. Prompt Engineering primarily concerns how tasks and expected behaviors are specified, whereas
Context Engineering concerns what task-relevant information is provided and how it is organized and maintained.
The former determines what the model should do and how it should approach the task, while the latter supplies the
knowledge, evidence, and working state needed to complete it.

3.2.1 Prompt Engineering

The development of Prompt Engineering can be broadly characterized by three directions: task specification, rea-
soning organization, and automatic optimization. Task specification uses instructions, demonstrations, constraints,
and output formats to support zero-shot and few-shot adaptation [26, 210, 246, 300]. Reasoning organization fur-
ther structures how models solve complex problems: Chain-of-Thought [371] introduces intermediate reasoning, Self-
Consistency [355] aggregates multiple reasoning paths, and Least-to-Most [485] decomposes difficult problems, while
Tree of Thoughts [427], Graph of Thoughts [23], and Self-Refine [236] extend reasoning toward search and iterative
refinement. Automatic prompt optimization moves prompt design from manual construction toward systematic search
and improvement. Representative methods progress from AutoPrompt [322], APE [491], and OPRO [411] to planning-
, evolutionary-, and program-level optimization [83, 108, 264, 354, 446]. More recently, GEPA [2] uses execution
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trajectories and natural-language reflection to evolve prompts from task feedback. Overall, Prompt Engineering has
expanded from specifying tasks, to organizing reasoning, and ultimately to optimizing the control interface itself.

3.2.2 Context Engineering

Context Engineering extends this focus to the broader information environment used during task execution, including
context acquisition, processing, and management. Context acquisition has progressed from dense retrieval [152] and
retrieval-augmented generation [136, 176] toward retrieval coupled with reasoning. HyDE [92], IRCoT [337], Self-
RAG [13], and CoRAG [349] progressively integrate query transformation, iterative retrieval, and reflection, while
recent work further studies when retrieval should occur during reasoning and how retrieval itself can become an agen-
tic process [44, 106, 247, 379, 392, 461]. Context processing improves the relevance, compactness, and structure of
acquired information through ranking [438], compression [141, 401], pruning [47], and restructuring [70]. Recent
methods such as SARA [146] and BRIEF-Pro [104] further improve information-preserving compression under con-
strained context budgets, while Lost in the Middle [214] shows that longer context alone does not guarantee effective
information use. Context management maintains useful working information as execution progresses. MemGPT [269]
introduced explicit hierarchical context management, followed by hierarchical and adaptive approaches such as HiA-
gent [123], ACON [149], ACE [463], ContextCurator [194], and AdaCoM [431]. Context as a Tool [215] further treats
context maintenance as an explicit agent action, enabling proactive compression during long-horizon execution.

Prompt Engineering and Context Engineering together constitute an inference-time mechanism for adapting model
capabilities. Prompt Engineering establishes the control structure for task execution, while Context Engineering pro-
vides and maintains the task-relevant information base. Rather than altering the general capabilities encoded in model
parameters, they determine which capabilities are invoked, how reasoning unfolds, and what information conditions
model outputs, thereby translating general capabilities into task-specific behavior.

3.3 Harness Engineering: Orchestrating Agent Capabilities

Model Intelligence takes the model call as its basic unit of operation. Foundation model training establishes gen-
eral capabilities at the parameter level, while Prompt Engineering and Context Engineering adapt them to specific
tasks. However, a model call alone cannot maintain persistent resources, execute external operations, or sustain inter-
action with an environment over time. Extending Model Intelligence toward Individual Intelligence therefore requires
persistent and executable capabilities that remain available across calls. Harness Engineering provides and manages
these capabilities, while Loop Engineering organizes how they are repeatedly invoked and adapted during task exe-
cution. Recent work increasingly treats the harness as the runtime layer surrounding the model, connecting memory,
tools, skills, execution environments, state, verification, and other supporting mechanisms into an operational agent
system [9, 54, 255, 481, 484].

3.3.1 Tool Integration

Many mechanisms now associated with Harness Engineering appeared before the term itself became widely established.
Early systems such as MRKL [151], TALM [275], and Toolformer [307] connected models to external tools. Tool use
subsequently expanded toward large API ecosystems through API-Bank [187], ToolLLM [290], and Gorilla [277],
while MCP [6] provides a standardized interface to external tools and data sources. CodeAct [356], SWE-agent [418],
and OpenHands [358] further extend execution to code, files, shells, browsers, and computing environments, moving
external capability access from function invocation toward richer agent-computer interaction [62, 193].

3.3.2 Memory Management

Persistent memory allows agents to retain information and experience beyond individual model calls. Generative
Agents [276], MemoryBank [482], and MemGPT [269] established early mechanisms for persistent and long-term
memory, while later systems such as A-MEM [405], Mem0 [46], Zep [296], and MemoryOS [148] improve memory
organization, consolidation, and reuse. Recent work increasingly moves memory from a passive storage component
toward an actively managed agent capability. AgeMem [439] integrates short- and long-term memory operations into
the agent policy, allowing the model to decide when to store, retrieve, update, summarize, or discard information,
while graph-based systems such as GAM [384] and HeLa-Mem [493] organize evolving experiences through explicit
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relational structures. MAGE [41] further treats memory as execution-state management for long-horizon tasks, sup-
porting state reconstruction and recovery, while Text2Mem [350] introduces typed and executable memory operations
for more controllable memory management. Other recent work explores efficient consolidation, filesystem-based per-
sistent memory, and the reliability of memory addition and deletion [397, 458, 489]. Together, these developments shift
memory engineering from storing past information toward actively organizing, governing, and maintaining reusable
experience across extended execution.

3.3.3 Skill Composition

Beyond individual tools and memories, skill-based methods externalize successful procedures as reusable capabil-
ities. Voyager [344] introduced an executable skill library accumulated from experience, while Agent Workflow
Memory [369] reuses recurring action workflows and Agent Skills [7] packages instructions, scripts, and supporting
resources into reusable procedural capabilities. Subsequent methods such as SAGE [347], HASP [209], SkillCom-
poser [462], and Skill-Use [111] improve skill construction, composition, evolution, and invocation. More recent
work increasingly treats the skill library itself as an adaptive engineering object. SkillX [343] automatically constructs
hierarchical skill knowledge bases from trajectories, while SkillOpt [425] uses execution feedback to systematically
optimize reusable skill artifacts. Anything2Skill [271] compiles heterogeneous external knowledge into reusable pro-
cedural skills, extending capability acquisition beyond direct trajectory reuse. As skill libraries grow, SkillOps [281]
and SkillWiki [129] address library-level maintenance, provenance, governance, and lifecycle evolution, while Skil-
lZip [16] and related approaches [468] reduce the runtime and maintenance cost of repeatedly using large skill artifacts.
These developments expand skill engineering from acquiring individual reusable procedures toward constructing, opti-
mizing, maintaining, and evolving persistent skill ecosystems.

3.3.4 Runtime Orchestration

As external capabilities become richer, Harness Engineering increasingly concerns how these resources are organized,
governed, verified, and improved as a runtime system. Anthropic’s long-running agent harness [9, 294], AI Harness
Engineering [481], What Makes a Harness a Harness [54], Code as Agent Harness [255], and Harness-Bench [430]
make this surrounding runtime an explicit research object and clarify its responsibilities and boundaries. In this view,
Context Engineering determines what information is presented to a model call, whereas Harness Engineering maintains
the persistent resources, interfaces, and execution environments through which information and external capabilities
remain available across calls.

Runtime orchestration also introduces configuration, governance, verification, and optimization concerns. ToolEmu [304],
ToolSandbox [227], AgentDojo [55], CaMeL [56], and MCP Security Bench [448] study failures, security risks, and
control mechanisms, while harness configuration [89] and contract-based validation [3] address configuration and
runtime guarantees. These engineering principles are increasingly reflected in widely used coding agents such as
Codex [225, 260], Claude Code [8, 294], Gemini CLI [97], and GitHub Copilot coding agent [96]. More recent
work treats the harness itself as an optimization target: Meta-Harness [172], Agentic Harness Engineering [202],
Self-Harness [455], HarnessFix [34], HARBOR [308], and Retrospective Harness Optimization [272] explore search,
adaptation, diagnosis, repair, and feedback-driven improvement. Related work further evaluates harness effects and
optimization [134, 203, 339, 340, 353], while Adaptive Auto-Harness [222], LongHorizon-Harness [233], OneDayA-
gent [478], and Evo-Harness [372] extend adaptation toward open-ended and long-horizon execution. Harness Hand-
book [351] further addresses the understandability and maintainability of increasingly complex harnesses. Harness
Engineering therefore concerns not only what external capabilities an agent can access, but also how the runtime
surrounding the model is structured, governed, maintained, and improved over time.

3.4 Loop Engineering: Enabling Iterative Agent Execution

Harness Engineering establishes the capability space available to an agent, whereas Loop Engineering organizes how
the agent moves through that space over time. A harness provides persistent resources, executable tools, validation
mechanisms, and controlled environments, together with the interfaces and permissions governing their use. However,
it does not by itself determine how an active task should proceed after each execution. For example, when a test
fails, the harness can return the failure log, but the loop can decide whether to revise the implementation, inspect a
dependency, invoke another capability, recover an earlier state, request assistance, or terminate the task. We therefore
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define Loop Engineering as the engineering of a bounded, stateful, and feedback-driven process that coordinates agent
operation until the goal is supported by sufficient evidence or continued execution is no longer justified [131, 234, 386].
Its defining property is not the repetition of model calls, but the continuous use of execution outcomes to control the
subsequent trajectory of the task.

We examine Loop Engineering through three coupled aspects: Loop Architecture, Interaction Paradigm, and Environ-
ment Feedback. Loop Architecture defines the control structure through which goals, task states, operations, verifica-
tion, and termination are organized. Interaction Paradigm determines how relevant information is exchanged among
the loop controller, model, harness, and supervisory actors. Environment Feedback grounds this process in external
consequences by transforming observed state changes into evidence for subsequent decisions. Together, these aspects
form a closed process in which control decisions generate operations, operations produce environmental consequences,
and the resulting observations return to update loop control.

3.4.1 Loop Architecture

Loop Architecture describes the main components of a loop architecture and how they jointly keep goal-directed execu-
tion coherent and bounded. A loop is initialized with a goal, acceptance criteria, and terminal conditions, after which
a controller maintains the operational state of the task and tracks which requirements remain unresolved. Planning
and decomposition mechanisms organize these requirements into executable operations, while progress assessment
and verification determine whether an operation has produced a meaningful state change. The architecture must also
specify how the loop responds to failure, including revising the plan, selecting another capability, recovering an earlier
state, escalating the task, or terminating execution. ResearchLoop [386] represents task contracts, evidence objects,
claim ledgers, and closeout conditions as durable control state, allowing research activities to advance only when their
evidence requirements are satisfied. Proof-or-Stop [131] similarly permits lifecycle transitions only when fresh and
mechanically verifiable evidence satisfies the relevant gate. Complementary work examines when additional search
has become redundant [333], while analyses of infinite agentic loops [121] show that progress checks, resource limits,
and explicit stopping conditions are necessary to prevent unbounded feedback paths. Therefore, Loop Architecture
determines not only how execution continues, but also when continuation remains justified.

3.4.2 Interaction Paradigm

Building on this control structure, Interaction Paradigm explains how task state, action requests, observations, and
supervisory signals are exchanged across iterations. At each step, the loop communicates the current goal, task state,
unresolved requirements, and available operations to the model; the model returns proposed decisions or action intents;
and the harness returns execution observations, validation results, and error conditions. These exchanges must preserve
sufficient continuity for later decisions to be interpreted relative to earlier actions and outcomes. ResearchLoop [386]
maintains this continuity through persistent task contracts, claim ledgers, and evidence records. Sovereign Agentic
Loops [115] formalizes the action boundary by representing model outputs as structured intents that can be checked
against system state and policy before execution. Interaction may also introduce diagnostic and supervisory feedback.
AgentRx [19] transforms execution trajectories into validation records that localize critical failure steps, whereas Super-
vising Ralph Wiggum [407] introduces metacognitive supervision when repeated refinement becomes stagnant. The
harness provides communication interfaces, memory mechanisms, and execution records; the loop determines which
information is relevant to the current task and how that information changes subsequent control decisions.

3.4.3 Environment Feedback

After these interaction pathways have been established, Environment Feedback examines how external execution out-
comes return to the loop as decision-relevant feedback. An authorized operation may invoke a tool, execute a program,
modify an artifact, or change an external system, but the intended effect, actual state transition, and observed outcome
may differ. A reliable loop must therefore determine which observations are required, whether they reflect the current
environment state, how they relate to the task goal, and whether they justify accepting progress or initiating another
operation. Proof-or-Stop [131] binds lifecycle transitions to evidence associated with the current source state, prevent-
ing stale or unsupported results from being treated as task completion. Sovereign Agentic Loops [115] likewise checks
proposed actions against true system state and policy before allowing real-world execution. Failed verification may
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Figure 4 : An Illustrative Conceptualization of System Intelligence and Its Related Technologies. The exam analogy
depicts the progression from Model, Prompt, and Context Engineering to tool-enabled Harness Engineering, feedback-driven Loop
Engineering, team-oriented Graph Engineering, and ontology-based collaboration. The lower panel summarizes representative
technologies associated with these layers.

cause the loop to retry, revise its plan, invoke another capability, restore a previous state, or escalate the task. Environ-
ment Feedback therefore refers not to the execution environment itself, which is supplied by the harness, but to the use
of environmental state changes and observations as evidence governing the continuation of the loop.

Harness Engineering and Loop Engineering consequently address the complementary requirements of Individual Intel-
ligence. Harness Engineering determines what persistent and executable capabilities an individual agent can access and
under what conditions they can be used. Loop Engineering organizes those capabilities into a bounded, goal-directed
process in which actions, observations, feedback, and termination decisions remain connected across time. Together,
they extend call-level Model Intelligence into the sustained behavior of an individual agent and thereby establish Indi-
vidual Intelligence.

3.5 Limitations of Individual Intelligence

Despite the advances in Harness and Advances in Harness and Loop Engineering have enabled agents to exhibit in-
dividual intelligence, allowing them to pursue goals autonomously through sustained reasoning and interaction with
their environment. However, since individual intelligence is typically organized around a single agent and its execution
loop, it still faces several fundamental limitations when applied to complex real-world tasks:

❶ Scheduling parallel and interdependent tasks: Real-world tasks often contain subtasks that depend on one another
or can be carried out in parallel. A single-agent loop, however, tends to compress them into a serial execution trace [93,
126]. This makes scheduling implicit, wastes the efficiency of parallelism, and makes failure location difficult. For
example, in a software fault diagnosis task, log analysis, failure reproduction, and code inspection can often proceed in
parallel as relatively independent branches, whereas repair and testing depend on their results. A single agent, however,
tends to serialize these branches within a single execution loop, losing the efficiency of parallelism. Moreover, wrong
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Figure 5 : Overview of Graph Engineering. Task Organization structures the objective into explicit subtasks and executable
workflows; Agent Coordination matches capabilities to work, defines team topology, and routes communication among agents;
Runtime State Management records execution states, detects and localizes anomalies, and supports recovery and structural updates.
Together, these coupled graph views organize work, coordinate agents, and use runtime evidence to evolve the system toward reliable
task completion.

intermediate results may be propagated to subsequent steps, making the faulty stage difficult to localize.

❷ Integrating specialized expertise and verification: Many complex tasks require specialized expertise or independent
verifiers. Although a single agent can use tools or call specialist models, these capabilities remain coordinated within
the same control loop rather than organized into stable and independent roles [28, 88, 288]. This can lead to role
confusion and confirmation bias. For example, when the same agent writes and evaluates code, it may mistake its own
judgment that the code is correct for evidence that it is actually correct, even when prompts assign it different roles.

❸ Maintaining persistent state and handling failure recovery: An individual’s context is not an organized or persistent
state. Once an error enters the execution loop, it can be carried through later steps, making it difficult to repair only the
affected parts or to recover in a way that can be traced and checked [28, 110, 155]. For example, in long-running web
or coding tasks, a small mistake made early may remain hidden until the task fails near the end. By then, it is often
difficult to determine and localize where the error first appeared.

4 Graph Engineering: From Individual Intelligence to System Intelligence

4.1 Overview of Graph Engineering

Despite advances in individual intelligence, the unit of Individual Intelligence still faces inherent limitations in schedul-
ing parallel and interdependent tasks, integrating heterogeneous capabilities, and maintaining runtime state. This mo-
tivates the next stage of intelligence toward System Intelligence, in which multiple components with complementary
capabilities form an adaptive whole in pursuit of a shared goal [87, 154, 159].

However, system intelligence does not arise from the mere aggregation of agents and other intelligent components;
rather, it depends on how the relationships among tasks, components, and runtime states are explicitly represented,
constrained, and optimized. Specifically, a system must organize objectives into decomposable and schedulable task
structures, coordinate heterogeneous components according to their capabilities and roles, and maintain persistent and
recoverable runtime state throughout execution. At its core, system intelligence requires the systematic governance of
relationships among tasks, components, and runtime states.

To address this, graphs provide a natural structure for modeling the system-level relationships, as shown in Fig. 5.
First, graphs organize tasks through objective decomposition, dependency modeling, and workflow refinement, trans-
forming complex objectives into schedulable and executable operations [91, 158, 217, 280, 416, 466]. Second, graphs
can coordinate intelligent components by representing operational topologies and communication patterns, enabling
heterogeneous components to collaborate effectively [69, 79, 205, 241, 310, 331, 390, 426, 433]. Third, graphs can
support runtime state management by recording events, dependencies, and state transitions, converting operational in-
formation scattered across contexts and logs into auditable and recoverable system states [35, 41, 467]. To this end,
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we introduce Graph Engineering as a structure-centered engineering foundation for system intelligence: it uses graph
structures as the core substrate for externalizing relationships among tasks, components, and runtime states, thereby
supporting system-level organization, coordination, monitoring, recovery, and optimization.

In the following section, we review existing approaches that leverage graphs to organize tasks, coordinate intelligent
components, and manage execution states. We further discuss how system evolution leverages execution feedback and
state evidence to iteratively improve the structure of Graph Engineering and enable the continual evolution of system
intelligence.

4.2 Task Organization: Structuring What to Do

The first challenge in building system intelligence is to transform a high-level objective or task stream into an organized
set of subtasks and operations, enabling intelligent components to perform interdependent actions rather than isolated
local tasks [39, 80]. However, subgoals may depend on one another, and their execution may involve parallel branches,
verification steps, and dynamic replanning. Relying solely on context makes it difficult to maintain a clear global task
structure and determine which operations should be performed. To address this challenge, existing work externalizes
task decomposition and executable operations as graph structures, transforming task organization from implicit reason-
ing into a schedulable, optimizable, and revisable system structure, as shown in Fig. 6. We next discuss how graph
structures provide the foundation for goal decomposition and workflow optimization.

4.2.1 Goal Decomposition

System intelligence requires explicit goal decomposition so that intelligent components can perform coordinated, inter-
dependent actions. However, complex user objectives or task streams [85, 409] are difficult to organize within context
alone: their subtasks may depend on one another, some steps may run in parallel, and the execution plan may need
revision as intermediate results arrive. Graph-based task decomposition addresses this challenge by representing an
objective as a graph of subgoals and dependencies, where nodes denote subtasks or intermediate goals and edges en-
code precedence, data, or logical relations. This explicit structure supports the scheduling of parallel and dependent
branches and provides a basis for workflow refinement and component coordination.

Early work began by making task decomposition and subtask dependencies explicit, rather than leaving them implicit
within an execution loop. HuggingGPT [317] decomposes multimodal user requests into subtasks and routes them to
specialized models, using dependency relations to determine their execution order. ReWOO [398] decouples reasoning
from tool execution and observations through variable references, making dependencies among planned tool calls
explicit.

To enable better task scheduling, subsequent studies represent these task dependencies as explicit and schedulable
graphs. LLMCompiler [156] compiles function-calling plans into a dataflow DAG, so that ready nodes can be dis-
patched in parallel once their upstream dependencies are satisfied. Plan-over-Graph [464] directly studies planning
over task graphs and focuses on generating parallelizable agent schedules under dependency constraints. These works
not only make the task dependencies explicitly interpretable but also operational for scheduling and coordination.
TDAG [362] and Flow [256] further relax the assumption that the task graph is fixed before execution. They show
that task decomposition can be dynamically refined according to intermediate results, and in multi-agent settings, such
evolving task graphs can also drive agent generation, task assignment, and parallel collaboration [435].

In short, Goal Decomposition Graph divides the objective goal into explicit, schedulable sub-goal graphs. It defines
the structured objective space over which later workflow construction and execution adaptation operate.

4.2.2 Workflow Optimization

After the subgoals and their dependencies are known, system intelligence still needs to transform them into concrete
computational operations, such as LLM calls, specialized agents, retrieval modules, tools, memory operations, ag-
gregators, and verifiers. However, the operations space is large and must be explicitly structured to construct an
effective workflow. To address this challenge, existing methods use graph structures to compile decomposed tasks
into executable workflows, where nodes represent concrete operators and edges encode the dependencies needed for
scheduling, coordination, and verification. This process transforms task organization from a descriptive decomposition
into an executable structure that can be optimized.
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Figure 6 : Overview of Task Organization. Goal Decomposition translates a high-level objective into explicit subtasks, exposes
their dependencies for scheduling, and refines the remaining task graph using intermediate execution results. Workflow Optimization
compiles semantic subgoals into executable workflows, searches and optimizes alternative control flows, and adapts execution in
response to runtime feedback. These mechanisms specify what work must be accomplished, how it should be operationalized, and
how the work structure evolves during execution.

A group of studies treats agentic workflows as optimizable graph structures. GPTSwarm [498] represents language-
agent systems as computational graphs and optimizes both node behavior and edge connections. ADAS [125] auto-
mates the design of agentic systems by searching over code-defined workflows, where graph semantics are expressed
through executable program structures. AutoFlow [198] and AFlow [456] formulate workflow generation as an auto-
matic search problem, reducing reliance on manually designed agent pipelines. In particular, AFlow uses LLM-guided
search over executable workflow code, making the workflow structure itself the object of optimization. Later works
refine different parts of this workflow search space. A2Flow [473] learns abstraction operators from demonstrations
instead of assuming a fixed operator library, allowing both node semantics and graph topology to evolve. Mermaid-
Flow [476] introduces a structured Mermaid-based intermediate representation and safety-constrained evolutionary
programming, improving the readability, validity, and controllability of generated workflows. VFlow [373] incorpo-
rates domain-specific verifiers into the workflow search loop, showing how external feedback such as syntax checks,
functional correctness, synthesizability, and hardware constraints can guide workflow discovery.

Despite the advances in static workflow optimization, these approaches remain insufficient for open-ended environ-
ments. Even well-designed task and workflow graphs may fail or propagate errors during execution due to incorrect
intermediate results, tool failures, or ambiguous feedback. To address this limitation, recent approaches have de-
veloped dynamic mechanisms that adapt workflow graphs in response to real-time execution feedback. DyFlow [363]
exemplifies this execution-adaptive paradigm. Instead of committing to a fixed workflow before execution, it uses inter-
mediate feedback to dynamically generate and adjust subsequent operator subgraphs. In this sense, runtime adaptation
can revise both the local workflow and the remaining subgoal structure. EvoFlow [450] maintains diverse workflow
candidates during inference and evolves them on the fly, treating different workflow graphs as competing executable
hypotheses. QualityFlow [127] introduces quality checking as a control mechanism for program synthesis, where the
system dynamically selects whether to accept, debug, clarify, roll back, or continue based on intermediate quality sig-
nals. FlowSteer [181] further highlights that workflow structure can be modified inside the execution loop, rather than
only optimized before deployment.

In summary, Task Organization provides a unified view of graph-based task and execution management in agentic
systems. It shifts the design of LLM agents from implicit reasoning and acting to explicit work structures.
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Figure 7 : Overview of Agent Coordination. The Agent Capability Graph maps agents to their capabilities and accessible
resources; the Agent Team Graph organizes agents into task-dependent collaboration structures; and the Communication Graph
specifies and adapts information flow among agents. These graphs determine who should perform the work and how agents collab-
orate during execution.

4.3 Agent Coordination: Structuring Who Works

The second challenge in building system intelligence is coordinating heterogeneous agents as a coherent system rather
than invoking them within a single control loop. This requires identifying what different agents can do, assigning
them appropriate roles and responsibilities, and adapting their interactions as execution unfolds [63, 191, 250, 454].
As shown in Fig. 7, Agent Coordination addresses these requirements through three connected functions that can be
represented using graph structures [206, 302, 447, 486]. Agent Capability Modeling represents agents’ skills, resources,
permissions, and suitability for different tasks. Agent Team Organization arranges selected agents into task-dependent
collaboration structures, specifying role assignments, delegation paths, and review responsibilities. Multi-agent Com-
munication captures the runtime information exchange and feedback through which agents coordinate actions, evaluate
intermediate results, and adapt subsequent execution. Together, these functions determine who should perform the
work, how responsibilities should be organized, and how agents should interact as task conditions change.

4.3.1 Agent Capability Modeling

System intelligence requires heterogeneous work to be assigned to agents with suitable expertise and resources as the
demands of complex tasks evolve. Because task stages are interdependent, a capability mismatch at one stage may delay
parallel execution and compromise downstream results. The system must therefore maintain up-to-date information
about each agent’s skills, available resources, access permissions, and reliability. To address this challenge, graph
structures make this information explicit: nodes represent agents, skills, tools, models, and other resources, while
typed edges encode capability ownership, resource access, permissions, and reliability [22, 109]. This representation
enables capability-aware task assignment and agent reconfiguration as execution conditions change [132, 400]. For
example, in scientific discovery, literature analysis, experiment design, implementation, and independent verification
can be assigned to suitable agents. If an agent loses access to a computing resource, the system can query the graph to
identify a compatible replacement and reassign the affected task.

Existing methods often infer capability from task-specific behavior. DyLAN [220] estimates the contribution of can-
didate agents and retains those that are more useful for the current task, while Agent-Oriented Planning [177] assigns
solvable and non-redundant subtasks to suitable agents. MasRouter [445] further learns to select collaboration modes,
roles, and underlying models according to task difficulty and cost. These methods capture capability differences effec-
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tively, but capability is mainly encoded in scores or routing policies rather than explicit and reusable relations [189].

Other methods represent capability through agent configuration. AutoAgents [30] creates specialized roles and col-
laboration plans for a given task, EvoAgent [442] generates diverse specialists through evolutionary operations, and
AOrchestra [303] composes instructions, context, tools, and models to instantiate task-specific agents. Captain Agent [178]
similarly recruits and reorganizes experts as new requirements emerge during interaction.

More recent work connects capability modeling with graph-based organization. SkillGraph [254] explicitly repre-
sents agent skills and uses them to guide the construction of communication topologies. MaAS [451] takes a broader
approach by representing agents and operators within an agentic supernet and searching this space for suitable multi-
agent structures. However, these representations are typically constructed for a particular task or orchestration process.
A persistent and updateable graph representation would instead allow knowledge about agents’ expertise, reliability,
available resources, and access permissions to be queried, revised, and reused across tasks.

4.3.2 Agent Team Organization

System intelligence requires heterogeneous agents to be organized into a team that can execute interdependent work
coherently. Capability modeling identifies which agents are suitable for particular tasks, but it does not determine
task ownership, output handoffs, delegation paths, or review responsibilities. To address this challenge, these orga-
nizational relations can be represented as a graph, in which nodes denote agents, roles, or tasks, and typed edges
encode assignment, delegation, supervision, verification, and reporting relations [31, 38, 173, 486]. By specifying each
agent’s position and responsibilities, this representation connects individual capabilities to an executable division of
labor [113, 208, 274, 327, 459].

For tasks with clear stage dependencies, agents can be organized into a chain in which the output of one role becomes
the input to the next. MetaGPT [119] structures software-development agents as an assembly line governed by standard
operating procedures, while ChatDev [286] connects design, coding, and testing roles through a sequential chat chain.
Such structures make execution order, role transitions, and responsibility boundaries explicit, although their paths are
largely fixed before execution [124, 312].

When subtasks require different expertise, routing structures direct each unit of work to an appropriate agent. Magentic-
One [84] uses an orchestrator to plan and delegate tasks, monitor progress, and replan after failures. WorkTeam [208]
employs a supervisor that invokes specialized orchestrator and filler agents according to user intent, while Agent-
Verse [37] composes teams of experts according to task requirements. Routing supports specialized division of labor,
but centralized designs may impose substantial planning and coordination burdens on the routing agent.

Tasks that benefit from parallel execution or diverse candidate solutions can instead adopt fan-out/fan-in structures.
Work is distributed to multiple agents and their outputs are subsequently compared, aggregated, or synthesized. Mixture-
of-Agents [346] uses a layered structure in which several agents generate candidate responses in parallel and agents
in the next layer integrate them. MacNet [288] generalizes this branching and aggregation process through a directed
acyclic graph, allowing multiple execution paths to converge at downstream nodes. These structures increase paral-
lelism and reasoning diversity, but also incur additional communication, computation, and aggregation costs.

Static team structures become less effective when task requirements or agent performance change during execu-
tion [207]. Puppeteer [53] dynamically selects and sequences agents according to the current task state. AgentNet [424]
removes the central controller and allows agents to adjust their connections and route tasks based on local expertise and
context. Team organization can also be optimized during system construction. SwarmAgentic [471] jointly optimizes
agent functions and collaboration patterns while generating candidate systems. Studies of self-organizing agents [60]
further suggest that role specialization and shallow hierarchies can emerge without fully predefined assignments. These
methods adapt team organization at different timescales, from design-time optimization to runtime reconfiguration.

Graph-based team organization can combine these structures within a single system. A coordinator may route subtasks
to specialists, distribute selected tasks for parallel execution, aggregate their outputs, and pass the combined result
through a chain of reviewers. The graph must therefore represent both stable responsibility relations and task-dependent
structural changes, specifying who participates, what each participant is responsible for, and how work moves among
them.
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4.3.3 Multi-agent Communication

As task execution unfolds, system intelligence must coordinate information exchange among agents and prevent un-
reliable intermediate results from propagating downstream. Errors, conflicts, and missing information may require
clarification, review, feedback, or human intervention [73, 273, 470]. To address this challenge, these runtime inter-
actions can be modeled as a dynamic graph, where nodes represent agents or human participants and activated edges
specify who communicates, what information is exchanged, and how it affects subsequent actions. Whereas team or-
ganization defines relatively stable roles and responsibilities, communication modeling captures the information flows
and feedback relations that emerge during execution.

Communication serves not only to transfer results but also to detect and correct errors. Different agents can generate,
evaluate, and revise an output, returning identified problems to the relevant execution stage. MAgICoRe [32] com-
bines model-generated feedback with external stepwise reward signals to locate reasoning errors and iteratively refine
candidate solutions through multi-agent interaction. This process forms a feedback loop among generation, evaluation,
and revision rather than a one-way flow of information. Communication structure also determines how correct and
incorrect information propagates, so adding more connections does not necessarily improve collaboration [316].

Communication structures can be constructed according to task requirements and optimized under multiple objectives.
G-Designer [449] generates task-dependent communication graphs by considering candidate agents, performance, com-
munication cost, and structural robustness. AMAS [174] selects interaction structures according to the current input,
allowing different tasks to employ different communication patterns. Other methods reduce collaboration overhead
by removing low-value relations. AgentPrune [452] eliminates redundant connections from a spatio-temporal mes-
sage graph, while AgentDropout dynamically removes low-contribution agents and their communication edges across
interaction rounds [368]. These methods indicate that communication modeling should determine not only whether
information can be transmitted, but also which information paths are worth maintaining.

Runtime feedback can further be used to adapt subsequent communication. DyTopo [228] reconstructs sparse com-
munication edges in each round by matching the information required by one agent with that available from others.
CARD [382] incorporates environmental signals, including changes in model capabilities, tool availability, and com-
putational resources, enabling communication structures to adapt during both training and execution. QueenBee Plan-
ner [335] extracts communication design knowledge from execution traces and evaluation results, converting it into
structural rules that can be reused and revised in later tasks. These approaches extend communication optimization
from one-time topology selection to a feedback-driven process informed by current conditions and previous outcomes.

Not all feedback can be generated reliably by agents. Tasks involving implicit preferences, specialized expertise,
or high-risk actions may require humans to clarify requirements, correct errors, review outputs, approve actions, or
assume control. Collaborative Gym [314] supports asynchronous and bidirectional interaction among humans, agents,
and task environments, allowing human participation throughout execution. Graph-based communication modeling can
represent humans as explicit participants, with edges denoting assistance requests, feedback, approval, and escalation.
Humans are thus incorporated as active collaborators in the feedback loop rather than being limited to evaluating the
final result.

Graph-based communication modeling should therefore be distinguished from the relatively stable representation of
team organization. Team organization determines who participates and what responsibilities they assume. Commu-
nication modeling captures who needs to exchange information at a particular point in execution, how feedback is
transmitted, and how that feedback changes subsequent actions.

4.4 Runtime State Management: Structuring How the System Operates

In an individual agent, runtime state can often remain local to its context, memory, and action history, as observation,
decision, and execution are largely unified within a single locus of control. However, when intelligence is distributed
across a system, execution is split across interdependent tasks and specialized agents, together with partial observations
and external effects. Although Task Organization and Agent Coordination specify what should be executed and by
whom, they do not by themselves maintain a reliable account of what has happened, which commitments remain
valid, or how one state change affects later decisions. Without such an account, agents may act on inconsistent views,
failures are difficult to localize, and valid progress is difficult to recover. To address this gap, we introduce Runtime
State Management, which provides three complementary capabilities, as illustrated in Fig. 8: State Recording maintains
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Figure 8 : Overview of Runtime State Management. Runtime State Management structures how to manage state by recording
consistent and traceable runtime views, localizing failures from execution evidence, and recovering from validated states. These
capabilities turn distributed execution histories into a reliable substrate for monitoring, diagnosis, recovery, and continual system
evolution.

consistent and traceable runtime views, Fault Localization identifies deviations from intended execution, and Failure
Recovery restores or redirects execution from validated states.

4.4.1 State Recording

Task Organization and Agent Coordination describe what should happen and who should act, but they do not record
what has actually happened. During distributed execution, different agents and tools produce partial updates about
progress, role bindings, commitments, shared facts, resources, and external effects. If these updates are not kept in a
consistent and traceable form, system intelligence cannot maintain a reliable view of the current run or provide evidence
for later diagnosis and recovery. To address these challenges, State Recording preserves the evidence, provenance, and
version of each state transition. It turns the planned task and team structures into an explicit, queryable record of the
run.

The conditions that a reliable state satisfies usually include structured representation, governed updation, scoped vis-
ibility, and consistency management. For structured representation, Magentic-One [84] externalizes shared execution
progress through orchestrator-maintained Task and Progress Ledgers, while Graph of States [230] organizes struc-
tured belief states and constrains their transitions through causal graphs and state machines. Together, they illustrate
a shift from private conversational context toward explicit and traceable runtime state. For governed updation, Patch-
Board [467] validates agent-generated patches against schemas, role permissions, and runtime invariants before com-
mitment, whereas MemTX [195] distinguishes tentative writes from transactional belief commits with explicit prove-
nance and repair semantics. These mechanisms motivate an explicit proposal-validation-commit boundary between
observed or proposed changes and authoritative state. For scoped visibility, Collaborative Memory [301] complements
this process through identity- and time-scoped projections, showing that shared state can remain coordinated without
requiring universal visibility. For consistency management, state generation, lost updates, and causal-order violations
motivate isolation, causal ordering, and conflict-resolution mechanisms under concurrent writers [155]. Event-sourced
designs provide a complementary mechanism by preserving committed transitions in append-only histories that support
state reconstruction, replay, and branching [252].

Overall, these studies identify the basic requirements for reliable state recording, but they do not yet provide a unified
graph-native implementation.
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4.4.2 Fault Localization

Recording state does not by itself explain why an execution has gone wrong. In a long-horizon system, a local error may
propagate through dependent tasks and agents, while the visible fault appears several steps after the original deviation.
Fault Localization addresses this problem by detecting abnormal outcomes, locating the decisive error, tracing its
effects through dependencies, and testing possible causes against available evidence. Runtime state supports this
process by preserving dependencies, provenance, and evidence. The system treats the cause of a fault as a hypothesis
and does not assume that temporal or structural links prove causality.

Structured state representations provide complementary mechanisms for localizing faults. Runtime state constrains rea-
soning from evidence to possible causes through explicit hypothesis-evidence dependencies and supports inspecting
earlier states in detail and backtracking when evidence is insufficient [230], while MAGE [41] represents execution
as paths in a hierarchical state tree, allowing erroneous branches and nearby valid decision boundaries to be identi-
fied. These approaches illustrate how structured execution state can constrain the search space for root-cause analysis.
Failure-attribution studies further identify the information needed for this process: Who & When [465] attributes fail-
ures to both responsible agents and steps that caused the failure, MAST [28] distinguishes system-design, inter-agent
coordination, and task-verification failures, and TraceElephant [35] considers execution traces, intermediate context,
and complete inputs rather than final outputs alone. Together, they motivate preserving actors, transitions, depen-
dencies, and validation evidence needed to formulate and test attribution hypotheses. Diagnosis ultimately requires
validating such hypotheses against externally observable evidence. TDAD [4] connects code changes to affected tests
through explicit code-test dependencies, while Cordon [42] uses typed lineage, shadow state, and semantic transaction
boundaries to relate runtime actions to their external effects. These studies suggest that dependencies narrow the search
for a cause, but they do not prove the cause. Recording the resulting diagnosis and its supporting evidence as part of
runtime state then provides a traceable basis for subsequent recovery.

Overall, fault localization uses runtime records and external evidence to detect faults, trace their effects, test possible
causes, and determine which parts of the execution remain valid for recovery.

4.4.3 Failure Recovery

Fault localization identifies where execution deviated, but system intelligence also needs a way to continue without
discarding valid work or repeating harmful effects. Failure Recovery addresses this problem by selecting an explicit
recovery boundary and determining how execution can safely resume from it. The system may retract invalid states,
replay recoverable computation, compensate for external effects, or branch into an alternative execution path. The run-
time state layer supports these operations by preserving committed versions, dependencies, provenance, and recovery
boundaries, while distinguishing reconstructable internal states from external effects that require compensation.

Existing systems implement recovery mechanisms at different levels. MAGE [41], ALAS [93], CausalFlow [24], and
ReflexGrad [147] localize failures and selectively repair affected execution regions, avoiding costly global recomputa-
tion. Event sourcing [252], AgentGit [196], and Shepherd [437] enable replay, rollback, and branching over recorded
execution states, while DART [419] further constrains restoration to semantically valid boundaries under downstream
dependencies and committed effects. Together, these approaches support localized recovery while preserving unaf-
fected progress. In addition to the localized recovery mechanism mentioned, external effects require other recovery
guidance that comes from the environment. SagaLLM [29] and RAC [279] combine checkpoints with compensation for
effects that cannot be directly rolled back, while Atomix [249] coordinates reversible and irreversible effects through
transactional settlement. Aegis [326] complements these mechanisms by improving agent-environment interactions to
reduce environment-induced failures.

Overall, effective recovery requires selective repair with explicit handling of state dependencies and external effects.
This process includes recording the recovery boundary, corrective actions, and resulting state, closing the recording,
diagnosis, and recovery loop.

4.5 System Evolution

In open-ended and long-horizon environments, execution continuously generates evidence about effective structures,
coordination strategies, and failure modes [365, 413, 420]. Task organization, agent coordination, and runtime state
management provide the foundations for system intelligence, but do not inherently enable improvement over time.
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To address this challenge, System Evolution leverages such experience to refine its organization and operation across
executions. The evolution of the system level spans three dimensions: task organization improves objective decom-
position and workflow construction; agent coordination adapts team structures and communication patterns; and run-
time state management consolidates execution histories into reusable experience while enabling system updates to be
validated, revised, or rolled back. These mechanisms turn runtime experience into sustained system-level improve-
ment [268, 389, 453, 492].

Evolution of Task Organization. Predefined task structures are often inadequate in open-ended environments, where
intermediate outcomes and changing conditions can invalidate prior decomposition and execution plans. Task evolu-
tion addresses this limitation by refining both task structures and workflows from execution feedback. At the task-
structure level, TDAG [362] dynamically decomposes complex tasks and generates specialized agents as execution
unfolds. Flow [256] refines subtask allocation using historical performance and prior workflow structures, while Dyn-
TaskMAS [435] dynamically maintains task dependencies to support adaptive scheduling and parallel execution. At
the workflow level, DyFlow [363] determines subsequent operations from intermediate outputs and real-time feed-
back; EvoFlow [450] evolves heterogeneous workflow candidates through retrieval, crossover, mutation, and selection;
and QualityFlow [127] uses intermediate quality checks to determine whether to proceed, clarify, or revert execution.
Together, these approaches turn task organization from static planning into an iterative process in which execution
outcomes refine subsequent decomposition and workflows. Such adaptability, however, also creates vulnerabilities:
FlowSteer [181] shows that manipulated planning signals can steer replanning and dependency formation toward un-
desirable execution paths. Reliable task evolution therefore requires structural revisions to be grounded in trustworthy
execution feedback.

Evolution of Agent Coordination. Changing task requirements and component capabilities can render predefined co-
ordination structures ineffective. The evolution of agent coordination addresses this mismatch by adapting both team
structures and communication patterns through collaborative experience. For team structure evolution, SwarmAgen-
tic [471] jointly optimizes agent functionality and collaboration structures through feedback-guided population search.
AgentNet [423] enables decentralized specialization and reorganization by adjusting agent connectivity and task rout-
ing according to local expertise and context, while self-organizing agents [60] show that specialized roles and shallow
hierarchies can emerge without predefined assignments. Meta-Team [113] further leverages distributed execution ex-
perience to improve agent behavior, inter-agent coordination, and team organization across tasks. For communication
evolution, DyTopo [228] reconstructs communication pathways at each reasoning round by matching agents’ infor-
mation needs and offerings. CARD [382] conditions communication structures on environmental changes in model
capabilities, tools, and resources, while QueenBee Planner [335] distills execution traces and evaluation outcomes into
reusable design rules for improving communication in subsequent tasks. Collectively, these approaches shift agent
coordination from predefined collaboration toward experience-driven evolution of both team organization and informa-
tion exchange.

Evolution of Runtime State Management. The evolution of runtime state management extends state from supporting ex-
ecution and recovery to accumulating experience for future improvement. This involves two complementary processes:
distilling execution histories into reusable knowledge and controlling state revisions to prevent erroneous experience
from propagating. ReCreate [112] derives reusable domain patterns from interaction histories by analyzing the causes
of success and failure. SkillGraph [254] distills failure cases into reasoning heuristics maintained in an evolving Skill
Bank, while Swarm Skills [470] extracts successful trajectories into reusable coordination skills and refines them based
on effectiveness, utilization, and freshness. Beyond experience accumulation, reliable evolution requires mechanisms
for validating and revising persistent state. MemTX [195] separates tentative writes from validated belief commits
and performs cascading repair when committed beliefs are retracted, limiting the propagation of invalid state. ActiveG-
raph [252] preserves event-sourced execution histories that support deterministic replay and efficient forking from prior
states, enabling alternative branches to build on validated execution history. In summary, these studies make runtime
state an experience substrate in which useful knowledge can be accumulated and reused, while unreliable updates can
be revised, retracted, or bypassed.

Overall, system evolution enables system intelligence to improve across executions by turning runtime experience into
system-level updates. Execution outcomes provide evidence for refining task organization, agent coordination, and
state management, while validation and rollback mechanisms ensure that only reliable improvements persist. This
establishes a closed loop between execution, experience, and evolution, allowing successful strategies to accumulate
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and failures to inform subsequent decisions. System intelligence thus progresses from runtime adaptation toward
sustained, experience-driven evolution.

5 Open Challenges and Research Opportunities

Graph Engineering provides a structural foundation for transforming LLM-based agent systems from individual intelli-
gence into system intelligence by explicitly modeling work organization, component coordination, and state evolution.
However, moving from task-specific graph structures toward general-purpose infrastructures that can operate continu-
ously and be reused across systems introduces several unresolved challenges. These challenges concern not only how
graphs are constructed, but also how they can evolve dynamically, operate reliably, scale efficiently, and interoperate
across heterogeneous agent systems. More fundamentally, as the Work Organization Graph, Agent Team Graph, and
State Evolution Graph become increasingly interconnected, the research focus must shift from merely constructing
graph structures toward ensuring their consistent interpretation, reliable execution, and continual evolution.

5.1 Graph-Native Capability Substrates

Current Graph Engineering primarily makes the organization of tasks, agents, and runtime states explicit, while many
capabilities used by an agent system are still maintained as independent collections or services [199]. Memory stores
contain experiences and facts, skill libraries contain reusable procedures, and tool registries expose executable func-
tions, but the relationships among these capabilities are often implicit [138, 348, 434]. As these repositories grow,
capability selection becomes increasingly structural: a capability may depend on another capability, substitute for
an unavailable one, compose with several others, require specific permissions, or be applicable only under particular
runtime conditions.

Recent work on memory and skills already points toward graph-structured capability substrates [27, 74, 320]. A-
MEM [405] dynamically links related memories into evolving memory networks, while Zep [296] represents changing
facts and their temporal relations through a temporal knowledge graph. A similar transition is emerging for reusable
skills. Graph of Skills [179] represents dependencies and workflow relations among skills to retrieve executable skill
bundles rather than isolated entries, while SkillDAG [15] further allows typed skill relations to evolve from execution
evidence. These systems suggest that graphs can organize not only tasks and agents, but also the capability substrate
on which they operate.

A broader direction is therefore to construct unified capability graphs in which models, tools, skills, memories, data
sources, verifiers, and execution environments are represented as typed nodes, with edges describing dependency,
compatibility, composition, substitution, authorization, cost, and reliability. The main research challenge is not simply
to represent each capability family as a graph, but to connect these capability graphs with task, agent, and runtime
state graphs. Task decomposition should expose capability requirements, agent allocation should consider available
capability subgraphs, and execution outcomes should update capability reliability and applicability. Such coupling
would allow Graph Engineering to move from organizing system execution to organizing the reusable capability space
from which execution is constructed [81, 186, 399, 469].

5.2 Self-Evolving Graph Systems

Existing Graph Engineering methods increasingly make graph structure an optimization variable. GPTSwarm [498]
optimizes computational graphs of language agents, while workflow and topology optimization methods such as
AFlow [456] and DyTopo [228] adapt executable or communication structures according to task feedback. Other
approaches accumulate execution experience for future improvement: ReCreate [112] derives reusable patterns from
successful and failed trajectories, while MemTX [195] and event-sourced agent designs [252] provide mechanisms for
validating, revising, replaying, and forking persistent state. These developments represent early steps from fixed graph
execution toward experience-driven structural adaptation.

However, runtime adaptation should be distinguished from persistent system evolution. Conditional routing, temporary
worker assignment, or recovery may change one execution trajectory without changing the organization used in later
tasks. A self-evolving graph system should instead transform execution evidence into persistent and reusable structural
changes. This requires a closed process from execution and observation to structural credit assignment, graph modi-
fication, validation, and finally commit or rollback. Future systems must determine which task dependencies, agent
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relations, capability assignments, or state structures were responsible for success and failure, and whether the resulting
modification generalizes beyond the current execution.

An additional challenge is that these graphs cannot evolve independently. Modifying a task graph may change the ca-
pabilities required from the agent team, while replacing an agent may invalidate communication relations, permissions,
or runtime assumptions. Future research should therefore study cross-graph evolution, where changes to task, agent,
capability, and state graphs are coordinated under shared constraints. Structural evolution must also remain governable
through provenance, versioning, validation, replay, and rollback. The long-term objective is not unrestricted self-
modification, but systems that can accumulate useful organizational experience while preventing unreliable structural
changes from propagating across executions.

5.3 Graph-Native Agent Operating Systems

The growing complexity of agent systems also raises an infrastructure question. Current engineering stacks separate
model serving, harnesses, workflow engines, memory systems, multi-agent frameworks, and state stores, each using
different abstractions for tasks, tools, messages, agents, events, and execution state. Protocols such as MCP [6] improve
access to external capabilities, while graph-oriented frameworks such as LangGraph [166] provide explicit workflow
and state representations. AIOS [239] takes a complementary operating-system view by providing scheduling, context,
memory, storage, tool, and access-control services for LLM agents. However, these mechanisms do not yet provide a
common structural substrate for organizing complete agent systems. AIOS itself is an important precedent: its kernel
explicitly separates agent applications from scheduling, memory, storage, tools, and access control, showing why these
concerns increasingly resemble operating-system services rather than application-specific logic [239].

A future graph-native agent operating system could make tasks, agents, capabilities, and runtime states first-class
system objects represented through typed and versioned graphs. Instead of each framework separately implement-
ing workflow scheduling, resource allocation, persistent state, communication, and recovery, a shared runtime could
provide graph scheduling, capability discovery, state storage, event and provenance logging, structural transactions,
permission enforcement, checkpointing, replay, rollback, and graph-level observability. Ontology Engineering would
define the types, relations, and constraints of these objects, while the graph runtime would enforce their operational
semantics.

Such an infrastructure would also provide the foundation required for safe system evolution. Execution traces could
be linked directly to the graph structures that produced them, candidate structural changes could be evaluated against
historical or counterfactual executions, and validated improvements could be committed as new graph versions. Graph
Engineering would then evolve from a method for designing individual workflows or multi-agent topologies into a
reusable system substrate for constructing, executing, observing, and continuously improving agent systems. This
progression from shared semantics, to graph-structured capabilities, to controlled structural evolution, and finally to
graph-native runtime infrastructure represents a possible path toward scalable and persistent System Intelligence.

5.4 Privacy and Ethics

System intelligence introduces broader privacy and ethical risks because it coordinates multiple agents, tools, memories,
and shared states over long horizons. Compared with a single-agent setting, sensitive information may be replicated
across components, propagated through workflows, and preserved in persistent state, increasing the risk of unauthorized
access, cross-task leakage, and unintended inference of private attributes from execution traces. Moreover, as decisions
are distributed across interacting components, accountability becomes harder to assign when biased evidence, faulty
reasoning, or adversarial inputs are amplified through the system. Future system-intelligent agents therefore require
privacy-preserving state management, scoped permissions, provenance-aware logging, and strong human oversight to
ensure that autonomy does not come at the cost of user privacy, fairness, or controllability.

6 Future Direction: Ontology Engineering for Next-Generation System Intelligence

Graph Engineering provides a structural foundation for system intelligence by making relationships among work orga-
nization, agent coordination, and runtime state explicit, schedulable, and adaptable. However, explicit graph structures
alone do not ensure that system entities and relations are defined consistently. Many existing approaches assume that
goals, operations, agent capabilities, and runtime states already have clear and shared meanings. This assumption often

24



fails in open, long-running, and industrial environments, where the same concept may be defined differently across
graph views, system components, or stages of execution. Ontology Engineering [71, 103, 204] addresses this limita-
tion by establishing a shared, machine-interpretable model of system entities, relations, and constraints. It therefore
provides the semantic foundation needed to connect, validate, reuse, and evolve graph structures, supporting the next
generation of system intelligence.

6.1 Limitation of Graph Engineering-based System Intelligence

End-task success alone is insufficient to determine whether a system has developed System Intelligence. Performance
gains may result from a stronger foundation model, longer context, additional reasoning samples, or greater compu-
tational cost rather than more effective task organization, agent coordination, or state management. Future evaluation
should distinguish component-level capability from the contribution of system organization. It should assess goal
formation, semantic consistency, parallel execution efficiency, heterogeneous capability allocation, collective decision
quality, state consistency, failure recovery, transfer across tasks, and runtime overhead. Evaluation tasks should also
include incomplete objectives, concurrent workloads, distributed information, component failures, and environmental
changes to test whether the system can maintain coherent behavior under structural disturbances. Beyond end-to-end
metrics, intervention studies, structural ablations, and execution-trace analysis are needed to identify the causal con-
tributions of different system mechanisms and distinguish genuine system-level capability from gains produced by
additional computation.

These challenges clarify the limits of Graph Engineering. Graph structures can explicitly organize relationships among
tasks, components, and runtime states, but System Intelligence must also formulate appropriate goals, establish a
shared and grounded understanding of the system, and support rigorous system-level evaluation. Ontology Engineer-
ing primarily addresses the need for shared semantics and can also provide consistent definitions for goals, roles,
states, evidence, and operational constraints. It should therefore be viewed as a semantic foundation connecting Graph
Engineering to broader System Intelligence rather than a complete solution to all system-level challenges.

Graph Engineering makes relationships among tasks, agents, and runtime states explicit, but explicit structures do
not ensure that system components interpret them consistently. Agents may still disagree about what constitutes task
completion, sufficient evidence, valid state, or authorized action. Ontology Engineering addresses this broader problem
by establishing a shared, machine-interpretable model of the system. Rather than merely adding semantic annotations
to graphs, it defines which entities exist, what their relations mean, which constraints must hold, and what conclusions
can be derived from them.

An ontology for System Intelligence should be layered and modular. A core ontology can define concepts shared
across systems, while specialized modules describe goals and values, agents and capabilities, observations and evi-
dence, actions and states, and evaluation criteria. Domain ontologies can further extend these concepts for particular
applications. Such a structure provides consistent definitions of Goals, Agents, Capabilities, Evidence, Policies, States,
and Outcomes without requiring every system or domain to adopt a single monolithic model.

6.2 Goal Formation and Value Alignment

For Goal Formation and Value Alignment, Ontology Engineering can represent the provenance, priority, authorization
scope, completion criteria, and constraints of candidate goals. These representations allow a system to identify goal
conflicts, detect unauthorized modifications, and determine what evidence is required for completion. Ontologies
cannot decide which values a system should adopt, but they can make goals and normative constraints explicit and
verifiable. Recent ontology-guided agent systems illustrate this shift from representing domain concepts to constraining
agent reasoning [266, 309, 364]. In LAMP, a Planner, Builder, and Verifier collaboratively access a domain-specific
ontology through MCP, using explicit structured knowledge at inference time rather than relying solely on model
parameters [7]. Likewise, Agentology proposes treating the ontology-defined environment, rather than the individual
agent prompt, as the primary object of system design, allowing multiple specialist agents to reason over a shared and
persistent semantic structure [266]. These developments point toward an ontology-centered organization of multi-agent
systems in which semantic constraints are externalized from individual agents and shared across the system.
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6.3 Shared Semantics and World Grounding

For Shared Semantics and World Grounding, ontologies provide common definitions and mappings across agents and
systems. These concepts must also be connected to tool outputs, environmental observations, timestamps, provenance,
and validation results, since semantic consistency alone does not guarantee factual correctness. Recent multi-agent
ontology-enrichment systems demonstrate how this semantic layer can itself be dynamically maintained. OntoCodex
coordinates decision, ontology-reading, knowledge-base, terminology, and script-generation agents to enrich an ex-
isting OWL ontology while preserving its structural constraints and grounding newly introduced concepts in curated
knowledge sources [77]. CoA-Text2OWL similarly distributes ontology learning across multiple worker agents and a
manager agent, demonstrating the potential of agent collaboration for constructing coherent ontologies from large tex-
tual sources [10]. Ontology-grounded tool and agent designs, such as AgentO and Ontology-to-Tools, further connect
semantic concepts to executable capabilities and tool interfaces [71, 490]. These systems indicate that future ontol-
ogy infrastructure may not remain static: agents can participate in proposing, validating, aligning, and updating the
semantic model while retaining explicit provenance and human oversight.

6.4 Measuring System Intelligence

Ontology Engineering can also support the measurement of System Intelligence by standardizing the meanings of task
success, failure, agent contribution, recovery, state consistency, and runtime cost. Shared representations of system
configurations, execution events, evidence, interventions, and outcomes would make execution traces more comparable
across systems and support structural ablation and causal analysis. Ontologies do not replace evaluation methods, but
they clarify what is being measured and whether a metric concerns foundation-model capability, individual-agent
performance, or system-level organization [184, 270]. By providing a common vocabulary for system-level events
and entities, ontology specifications such as Ontology SLR and Palantir Ontology could facilitate more systematic
comparison of heterogeneous agent architectures [184, 270].

Future research should investigate how system ontologies are grounded, updated, and governed. LLMs may assist
in proposing new concepts and relations, but semantic changes should undergo provenance checking, consistency
validation, and impact analysis [77, 204, 266, 490]. System ontologies must also support version control, compatibility
checking, migration, and rollback as tasks and environments change. Their constraints should be connected to runtime
mechanisms that enforce permission checks, evidence requirements, and valid state transitions. Recent work such as
LAMP demonstrates one direction in which structured ontology knowledge is directly exposed to agents through tool
interfaces, while Agentology explicitly treats the ontology as part of the operational environment within which multiple
agents reason [266, 490]. Ontology Engineering thus defines the shared conceptual model of System Intelligence,
Graph Engineering instantiates this model as task-specific structures, and runtime mechanisms enforce its operational
consequences.

7 Benchmarks, Datasets, and Evaluation

Evaluation should follow the unit of intelligence being studied. Model Intelligence concerns capabilities expressed
within bounded model interactions. Individual Intelligence concerns whether a single autonomous agent can combine
reasoning with external capabilities and environmental feedback over a sustained trajectory. System Intelligence further
concerns whether multiple intelligent components and their relations can be organized, coordinated, maintained, and
improved as a coherent system. We therefore organize evaluation resources around these three levels rather than by
task domain or graph type.

We distinguish three forms of evaluation resource. A benchmark defines tasks, an evaluation protocol, and scoring rules.
A dataset provides reusable instances, annotations, graphs, interaction records, or execution traces. An environment
exposes executable state that an agent or agent system can observe and modify. These forms are not mutually exclusive.
Table 1 uses B, D, and E to denote benchmark, dataset, and executable environment, respectively.

7.1 Model Intelligence

Model Intelligence evaluation focuses on capabilities expressed within bounded model interactions. Representative
benchmarks cover broad knowledge and reasoning, instruction following, executable code generation, multimodal
understanding, and retrieval-augmented reasoning [33, 117, 211, 298, 360, 388, 444, 487]. Recent resources also
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Table 1 : Representative benchmarks, datasets, and executable environments across Model, Individual, and System Intelligence.
Type: B = benchmark or evaluation protocol; D = released dataset, annotations, or traces; E = executable or interactive environment.
Focus denotes the principal capability or structural property evaluated.

Name Type Primary Unit Focus Evaluation Link
Model Intelligence

MMLU/MMLU-Pro [117, 360] B/D QA instances Knowledge Broad knowledge and problem solving; MMLU-Pro increases reasoning difficulty and prompt robustness. P
GPQA [298] B/D Expert science QA Reasoning Graduate-level scientific knowledge and difficult multi-step reasoning. P
NPPC [412] B/D NP instances Reasoning Scalable, automatically verifiable reasoning over NP-complete problems. P
OlymMATH [330] B/D Math problems Reasoning Olympiad-level reasoning with objective and formal verification. P
IFEval [487] B/D Instruction pairs Following Verifiable instruction following under objectively checkable constraints. P
EvolIF [139] B/D Multi-turn dialogues Following Evolving instruction following, constraint tracking, and failure recovery. P
HumanEval/EvalPlus [33, 211] B/D Coding problems Coding Executable functional correctness with strengthened test coverage. P
MMMU [444] B/D Multimodal QA Multimodal Expert-level multimodal understanding and reasoning across disciplines. P
OMHBench [157] B/D Omni-modal QA Multimodal Grounded multi-hop reasoning across text, vision, and speech. P
LiveBench [375] B/D Refreshable tasks General Frequently refreshed capability evaluation with objective scoring to reduce contamination. P
GraphRAG-Bench [388] B/D RAG tasks Retrieval Graph construction, retrieval, reasoning, and generation in GraphRAG. P

Individual Intelligence

A2E [345] B/D Harness executions Harness End-to-end agent harness auditing; execution efficiency, tool use, task planning, and error recovery. §

AgentBench [216] B/D/E Agent trajectories General Reasoning and decision making across multiple interactive environments. P
GAIA [243] B/D Assistant tasks General Integrated reasoning, browsing, multimodal understanding, and tool use. P
AgencyBench [185] B/D/E Long-horizon tasks General Long-horizon real-world autonomy with tools and extended context. P
WebArena [488] B/D/E Web trajectories Web Long-horizon interaction with realistic websites and execution-based evaluation. P
OSWorld [394] B/D/E Computer trajectories Computer Open-ended interaction with real desktop applications and operating systems. P
SWE-bench [144] B/D/E Repository tasks Software Repository-level software issue resolution with executable verification. P
AppWorld [338] B/D/E Application state Tools API use, code generation, application-state transitions, and task completion. õ
τ -bench [429] B/D/E Agent-tool dialogues Tools Policy following, user interaction, tool execution, final state, and repeated-run reliability. P
ToolSandbox [227] B/D/E Stateful dialogues Tools Stateful tool execution, dependencies, intermediate milestones, and recovery. §

AgentDojo [55] B/D/E Adversarial episodes Security Agent utility and robustness under prompt injection attacks. §

Harness-Bench [430] B/D/E Sandboxed workflows Harness Effects of context, tools, state, constraints, permissions, tracing, and recovery. P
Skill-Use [111] B/D/E Skill tasks Skills Skill triggering, procedural compliance, capability boundaries, and harness dependence. P
LongMemEval [380] B/D Multi-session QA Memory Information extraction, temporal reasoning, updates, and long-term interactive memory. P
MemoryAgentBench [128] B/D Multi-turn memory Memory Retrieval, test-time learning, long-range understanding, and selective forgetting. §

MemoryArena [116] B/D/E Multi-session tasks Memory Acquisition and reuse of experience across interdependent sessions. P
GateMem [299] B/D Memory episodes Memory Access control, deletion, selective forgetting, and memory governance. õ
MemSyco-Bench [387] B/D Memory decisions Memory Appropriate use of retrieved memory under factual, scope, conflict, update, and personalization conditions. P
Mem2ActBench [319] B/D Memory-tool chains Memory Contribution of retained memory to subsequent tool actions. §

LongDS-Bench [404] B/D/E Long trajectories Long-term State maintenance, restoration, adaptation, and rollback over long executions. P
EvoMemBench [366] B/D Memory episodes Evolution Memory evolution and selective retention within and across episodes. §

Trainee-Bench [86] B/D/E Workplace streams Evolution Scheduling, exploration, and continual learning in dynamic workplaces. P
SEA-Eval [142] B/D/E Task streams Evolution Cross-task evolutionary gain, stability, and execution efficiency. P
Evo-Bench [133] B/D Harness evolution Evolution Autonomous harness improvement and cross-domain transfer. P
OpenClawBench [219] B/D Execution traces Failure Process-side anomalies, robustness, and failures in real agent trajectories. P
BenchTrace [130] B/D Repeated episodes Reflection Whether reflection on failures improves behavior in subsequent executions. P
TheAgentCompany [402] B/D/E Workplace episodes Long-term Long-horizon workplace tasks spanning browsing, coding, and communication. P

System Intelligence

TaskBench [318] B/D Tool graphs Work Task decomposition, tool selection, grounding, and explicit tool-graph construction. P
WorFBench [289] B/D Workflow graphs Work Workflow generation with sequence-level and graph-level structure matching. P
FlowBench [391] B/D Workflow pairs Work Workflow-guided planning across heterogeneous workflow representations. P
ComfyBench [408] B/D/E Executable workflows Work Construction and execution of explicit node-edge workflows. P
TPS-Bench [403] B/D/E Scheduling tasks Work Dependency-aware planning, parallel scheduling, throughput, and execution efficiency. P
JourneyBench [18] B/D/E Policy workflows Work Policy-constrained service workflows and business-rule adherence. P
ETOM [65] B/D/E Tool hierarchies Work Hierarchical orchestration, server selection, and out-of-scope robustness. P
LLM-Coordination [1] B/D/E Coordination games Team Joint planning, theory of mind, sustained coordination, and partner robustness. P
VillagerBench [66] B/D/E Minecraft tasks Team Workload distribution, task dependencies, adaptation, and synchronized execution. P
MultiAgentBench [494] B/D/E Multi-agent episodes Team Collaboration, competition, milestones, and topology-sensitive coordination. P
AgentsNet [102] B/D/E Networked tasks Evolution Self-organization, adaptive communication, and network scaling. P
DBS [341] B/D Workflow graphs Evolution Adaptive workflow synthesis under distributed heterogeneity and privacy. P
SILO-BENCH [472] B/D/E Distributed tasks Team Role-free coordination under information silos and agent scaling. P
CoLLAB [237] B/D Coordination tasks Team Constraint-based coordination and structural credit assignment. P
Collab-Overcooked [329] B/D/E Collaboration games Team Process-oriented collaboration quality beyond final task success. P
MAS-BENCH [421] B/D/E Distributed sorting Team Shared-state consistency, protocol alignment, termination, and agent scaling. P
DPBench [114] B/D/E Contention games Team Sequential and simultaneous coordination under shared-resource contention. §

CalBench [499] B/D/E Decentralized tasks Team Coordination, communication efficiency, fairness, and privacy under private information. P
TAMAS [153] B/D/E Adversarial episodes Team Robustness and safety under adversarial multi-agent interaction. P
SyncBench [110] B/D/E Recovery instances State Belief-world consistency, diagnosis, resource awareness, and recovery. P
MAST [28] D Failure annotations State Multi-agent failure modes in system design, alignment, and verification. P
Who&When [465] B/D Failed trajectories State Attribution of failures to responsible agents and decisive execution steps. P
Who&When Pro [212] B/D Failed trajectories State Large-scale responsibility and temporal attribution under controlled failures. P
TraceElephant [35] B/D/E Execution traces State Failure attribution under complete execution observability. P
MP-Bench [135] B/D Failure cases State Multi-perspective evaluation when failures admit several plausible attributions. P
R2Act [283] B/D/E Incident states State Diagnosis-to-action reasoning, admissible recovery, and recovery validity. P
MAFBench [265] B/E Framework runs Evolution Framework-level comparison of orchestration, planning, coordination, and scalability. P
MASEval [72] B/E System variants Evolution Topology, orchestration, framework, and runtime design comparison. P
MAS-PromptBench [14] B/E MAS configurations Evolution Optimization across workflow topologies, protocols, and team sizes. P
BenchAgent [88] B/E Agent workflows Evolution Controlled comparison of single, fixed multi-agent, and evolving agent workflows. P

address the rapid saturation of static evaluation: LiveBench refreshes questions to reduce contamination [375], while
NPPC generates automatically verifiable NP-complete problem instances with scalable difficulty [412]. The primary
evaluation unit at this level remains the model output; persistent interaction and environment state are largely outside
the evaluation target.
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7.2 Individual Intelligence

Individual Intelligence shifts the evaluation unit from outputs to trajectories. AgentBench and GAIA evaluate general
agent capabilities, while WebArena, OSWorld, SWE-bench, AppWorld, and TheAgentCompany test sustained interac-
tion with web, computer, software, API, and workplace environments [144, 216, 243, 338, 394, 402, 488]. More recent
benchmarks push this setting toward longer and less idealized execution: AgencyBench evaluates extended real-world
tasks [185], AgentGym2 introduces tool discovery and robustness to noisy and underspecified information [385], and
LongCLI-Bench targets long-horizon command-line software engineering [82]. Tool and Harness resources further
evaluate whether an agent can reliably access and govern external capabilities [55, 111, 227, 429, 430].

Long-horizon evaluation additionally examines whether information and experience remain useful across extended or
repeated executions. Existing resources cover long-term memory, memory governance, memory-to-action transfer, and
reliable use of retrieved memories [21, 116, 128, 299, 319, 380, 387]. Recent benchmarks increasingly move beyond
isolated episodes toward explicit adaptation and evolution: A2E provides an end-to-end evaluation engine for agent
harnesses, capturing standardized execution traces and assessing harness capabilities in execution efficiency, tool use,
task planning, and error recovery [345]; Trainee-Bench evaluates scheduling, exploration, and continual learning in
dynamic workplace streams [86]; SEA-Eval measures evolutionary gain and stability across sequential tasks [142];
and Evo-Bench evaluates whether models can improve their own agent harnesses [133]. Other resources examine
persistent state, evolving memory, process anomalies, and reflection across executions [130, 219, 366, 404]. These
benchmarks evaluate increasingly persistent and adaptive agents, but responsibility for task organization and execution
remains centered on one agent or one local runtime.

7.3 System Intelligence

System Intelligence expands evaluation from an individual trajectory to the organization of multiple components and
their relations. Existing resources provide partial probes of this broader objective. Work-oriented benchmarks evaluate
decomposition, workflow structure, dependency-aware scheduling, and hierarchical orchestration [18, 65, 289, 318,
391, 403, 408]. Coordination benchmarks evaluate collaboration, communication topology, distributed information,
resource contention, scalability, privacy, and adversarial robustness [1, 66, 114, 153, 237, 329, 421, 472, 494, 499].
State-oriented resources further expose failure attribution, consistency, diagnosis, and recovery as explicit system-level
evaluation targets [28, 35, 110, 135, 213, 283, 465].

Evaluation of system adaptation and evolution is also beginning to emerge. AgentsNet examines self-organization and
scaling of networked agents [102], while DBS studies adaptive workflow synthesis under distributed heterogeneity
and privacy [341]. MASEval treats topology, orchestration, framework, and runtime design as system-level evaluation
variables [72], and MAS-PromptBench evaluates optimization across different multi-agent configurations [14]. MAF-
Bench further compares alternative agent-framework designs [265], while BenchAgent directly contrasts single-agent,
fixed multi-agent, and evolving workflows under controlled protocols [88]. Despite this progress, persistent system
evolution remains comparatively underexplored: current resources rarely evaluate whether runtime evidence produces
durable and transferable improvements to work organization, team structure, and runtime management across repeated
executions.

7.4 Evaluation Principles and Open Challenges

Across all three levels, evaluation should report effectiveness, efficiency, and robustness. Graph-engineered systems
additionally require structural fidelity, operational correctness, and evolution and governance. These dimensions
distinguish whether a system succeeds from whether its underlying structure is valid, its graph operations are executed
correctly, and its structural changes remain traceable and controllable.

Three gaps are especially important. First, system-level improvements must be separated from gains caused by stronger
models, larger contexts, additional tools, retries, or compute. Second, current resources remain fragmented across work
organization, coordination, runtime state, and evolution, making cross-structure effects difficult to measure. Third,
structural credit assignment and dynamic system-level evaluation remain weak. Future benchmarks should therefore
provide matched execution budgets, versioned graph artifacts, complete traces and state snapshots, controlled structural
perturbations, and repeated evaluations across tasks and time.

28



8 Open-Source Libraries and Engineering Ecosystem

Open-source libraries translate the evolution from Model Intelligence to Individual Intelligence and System Intelligence
into executable engineering stacks. Modern libraries often span several levels: a model-serving engine may also serve
as the rollout backend of reinforcement learning, while an agent framework may support both a single tool-using
agent and a multi-agent workflow. We therefore organize libraries by their primary engineering target rather than
by exclusive functionality. Model Intelligence libraries primarily construct, post-train, or execute model capabilities;
Individual Intelligence libraries provide the persistent capabilities and control required by an autonomous agent; and
System Intelligence libraries organize multiple intelligent components, their relations, shared execution structures, and
runtime state.

We include reusable projects whose source and technical documentation are publicly available and whose abstractions
directly affect the construction or execution of intelligent systems. Table 2 summarizes representative systems. The
Focus column records their main engineering concerns but is intentionally non-exclusive. Generic machine learning
utilities, graph databases, workflow schedulers, and domain-specific agent applications are omitted unless they expose
a reusable abstraction that is directly relevant to the intelligence stack. Source-available systems are retained when they
have substantial engineering relevance, but their licensing status is stated explicitly.

8.1 Model Intelligence

At the Model Intelligence level, open-source infrastructure determines how model capabilities are constructed, re-
fined, and exposed to higher layers. Transformers provides a common model-definition and execution interface, while
Megatron Core addresses large-scale distributed pretraining [258, 323, 377]. LLaMA-Factory packages supervised
and preference-oriented post-training into a unified toolkit, whereas verl and slime focus on scalable reinforcement
learning pipelines that connect training, rollout generation, reward computation, and increasingly agentic environment
interaction [321, 480, 496]. vLLM and SGLang provide the inference and rollout substrate on which both interactive
agents and modern post-training systems depend [163, 479]. These libraries primarily engineer model parameters and
model execution rather than persistent agent behavior or system organization.

8.2 Individual Intelligence

At the Individual Intelligence level, the main engineering object shifts from model parameters to the runtime surround-
ing a model. LangChain, OpenAI Agents SDK, Claude Agent SDK, and Pydantic AI expose variants of the model–tool
loop together with middleware, permissions, validation, sessions, state, and human control [11, 165, 262, 282]. Lla-
maIndex Workflows, Haystack, and Burr provide more explicit control over context construction, workflow transitions,
event routing, and persistent execution [12, 58, 223]. Their abstractions closely match the progression from Context
Engineering to Harness Engineering and Loop Engineering: external capabilities are made accessible to the model and
then organized into persistent, observable execution processes.

Persistent information is increasingly treated as another runtime capability. Letta maintains long-lived agent state and
memory, while Graphiti represents changing contextual knowledge as a temporal graph with provenance [175, 296].
MCP addresses a complementary problem by standardizing how tools, resources, and prompts are exposed across agent
runtimes [248]. Langflow and Dify lower the implementation barrier through visual workflow composition [167, 168].
Several of these systems can also compose multiple agents, but their primary abstractions remain centered on building
and operating an agent or agent application rather than explicitly engineering system-level organization.

8.3 System Intelligence

System Intelligence libraries make relationships among tasks, agents, executors, and shared state explicit engineering
objects. LangGraph, Microsoft Agent Framework, and Google ADK provide graph-oriented execution models in which
agents and deterministic operations can be composed through conditional, concurrent, cyclic, or collaborative struc-
tures [98, 166, 245]. AutoGen established an influential multi-agent programming model based on message-passing
agents and flexible conversation patterns, although it is now maintained primarily for existing users [244, 381]. AG2
represents a community continuation of this lineage with its own agent protocol and multi-agent abstractions [342].

Other systems place stronger emphasis on organizational semantics. CrewAI separates role-oriented Crews from event-
driven Flows, while CAMEL’s Workforce couples task decomposition with worker assignment and hierarchical co-
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Table 2 : Representative open-source projects and engineering systems across Model, Individual, and System Intelligence. Li-
braries are grouped by their primary engineering target rather than exclusive functionality. Focus summarizes the main engineering
concerns exposed by each system.

Project/System Focus Abstraction Engineering Paradigm License Link
Model Intelligence

Transformers [377] Model interface Unified model definitions, configurations,
tokenizers, and generation APIs

Model loading, training, generation, multimodal models, and
integration with downstream training and inference stacks

Python; Apache-2.0 §

Megatron Core [258, 323] Pretraining Distributed transformer training building
blocks

Tensor, pipeline, data, expert, and context parallelism; mixed precision
and scalable distributed training

Python; Apache-2.0 §

LLaMA-Factory [480] Post-training Unified fine-tuning and post-training
recipes

Continued pretraining, SFT, preference optimization, reward modeling,
PPO, LoRA, and quantized fine-tuning

Python; Apache-2.0 §

verl [321] RL post-train Distributed RL post-training dataflow PPO, GRPO and related algorithms; integration with FSDP/Megatron
for training and vLLM/SGLang for rollout generation

Python; Apache-2.0 §

slime [496] RL scaling Training–rollout–data-buffer loop Megatron training, SGLang rollout, custom rewards, verifiers, tool
interaction, sandboxes, and asynchronous agentic data generation

Python; Apache-2.0 §

vLLM [163] Serving PagedAttention-based inference engine High-throughput batched inference, continuous serving, efficient
KV-cache management, and model-serving APIs

Python/CUDA; Apache-2.0 §

SGLang [479] Serving/rollout Structured generation frontend and
high-performance runtime

Prefix-cache-aware execution, structured outputs, parallel inference,
distributed serving, and rollout integration

Python/CUDA; Apache-2.0 §

Individual Intelligence

LangChain [165] Harness/Loop Agent loop over models, tools, middleware,
and state

Dynamic tools, middleware, tool retries, context control, structured
output, state persistence, and human intervention

Python; MIT §

OpenAI Agents SDK [262] Harness/Loop/Team Agent runner with tools, guardrails,
sessions, and delegation

Tool execution, agents-as-tools, handoffs, guardrails, sessions, HITL,
tracing, and multi-agent composition

Python; MIT §

Claude Agent SDK [11] Harness/Exec. Programmable Claude Code agent runtime Filesystem and shell tools, permission control, MCP tools, hooks,
sessions, custom tools, and programmatic subagents

Python; MIT §

Pydantic AI [282] Harness/State Typed agents, capabilities, and
pydantic-graph

Typed tools and outputs, validation, MCP, HITL approval,
graph/state-machine control, and durable execution integrations

Python; MIT §

LlamaIndex Workflows [223] Context/Workflow Event-driven asynchronous workflow of
typed steps and events

Retrieval-oriented agents, event routing, branching, loops, parallel
steps, persistence, recovery, and HITL

Python; MIT §

Haystack [58] Context/Workflow Modular pipelines and agent workflows Retrieval, routing, memory, tools, conditional branches, loops,
component composition, tracing, and deployment

Python; Apache-2.0 §

Apache Burr [12] Loop/State Action graph interpreted as a persistent
state machine

Explicit transitions and state updates, persistence, resumability,
streaming, HITL, telemetry, and trace inspection

Python; Apache-2.0 §

Letta Agent SDK [175] Memory/State Stateful agent backed by a persistent agent
harness

Persistent memory, sessions, skills, subagents, local or remote
execution, and long-lived personalized agent state

TypeScript; Apache-2.0 §

Graphiti [296] Memory/Graph Temporal context graph of entities,
episodes, facts, and provenance

Incremental graph updates, temporal validity, changing facts, source
provenance, ontology support, and historical retrieval

Python; Apache-2.0 §

MCP Python SDK [248] Capability I/O Standard client/server interface for
resources, tools, and prompts

Capability discovery, tool execution, context resources, prompts,
lifecycle management, authentication, and interoperable transports

Python; MIT §

Langflow [167] Visual workflow Visual node-edge canvas for agents,
models, tools, and data

Visual composition, reusable components, agent/tool integration, MCP
exposure, execution inspection, and deployable flows

Python/TS; MIT §

Difyb [168] Visual workflow Visual Workflow/Chatflow graph and
application runtime

RAG, agents, tools, branching, loops, variables, triggers, HITL,
node-level traces, and workflow versions

Python/TS;
source-available

§

System Intelligence

LangGraph [166] Work/Team/State Typed StateGraph of nodes, edges,
reducers, and subgraphs

Conditional and cyclic routing, parallel fan-out, multi-agent
composition, durable execution, checkpoints, interrupts, replay, and
state inspection

Python/TS; MIT §

Microsoft Agent
Framework [245]

Work/Team/State Graph-based workflows of agents and
deterministic executors

Sequential, concurrent, handoff, and group collaboration; checkpoints,
time travel, HITL, middleware, streaming, and tracing

Python/.NET; MIT §

Google ADK [98] Work/Team/State Workflow graphs combining agents and
executable nodes

Sequential, parallel, loop, graph, dynamic, and collaborative
workflows; routing, session state, evaluation, and deployment

Python; Apache-2.0 §

AutoGen/GraphFlowa [244,
381]

Work/Team Event-driven agents and explicit
multi-agent interaction patterns

Message passing, group chat, distributed runtime, tool execution,
GraphFlow-style directed interaction, logging, and inspection

Python; MIT §

AG2 [342] Team/Harness Protocol-driven agents and multi-agent
orchestration

Tools, HITL, agent cooperation, multi-agent conversation patterns,
knowledge, compaction, and extensible agent protocols

Python; Apache-2.0/MIT §

CrewAI [51] Work/Team/State Role/task-based Crews plus event-driven
Flows

Role specialization, task ownership, sequential and hierarchical
processes, event routing, shared state, persistence, callbacks, and
tracing

Python; MIT §

CAMEL [182] Work/Team/Evol. Workforce hierarchy and task-dependency
structure

Task decomposition, capability-based assignment, parallel workers,
dependencies, role interaction, failure handling, shared memory, and
workforce state

Python; Apache-2.0 §

Mastrac [238] Work/Team/State Agents plus graph-based workflow engine Sequential, branch, and parallel flows; agent composition, memory,
HITL, suspend/resume, storage-backed state, MCP, evaluation, and
observability

TypeScript; Apache core §

GPTSwarm [498] Team/Evolution Optimizable computational graph of LLM
operations and agents

Agent-graph construction, composite swarm graphs, node and prompt
optimization, inter-agent edge creation or pruning, cost tracking, and
graph optimization

Python; MIT §

aAutoGen is in maintenance mode and is retained because of its historical influence on multi-agent programming; Microsoft recommends Agent Framework for new projects. bDify uses a modified Apache-2.0 license with
additional deployment and branding restrictions and is included as a source-available ecosystem reference. cMastra’s core is Apache-2.0, while code under its enterprise directories is governed by a separate enterprise license.

ordination [51, 182]. Mastra combines agents with an explicit workflow engine and persistent execution state [238].
GPTSwarm is particularly relevant to Graph Engineering because it treats graph connectivity itself as an optimiza-
tion variable: both node-level prompts and inter-agent edges can be modified to improve the resulting system [498].
Nevertheless, most production-oriented frameworks still operate within developer-defined organizational templates.
Dynamic routing is common, but persistent creation, removal, or rewiring of system structure from accumulated exe-
cution evidence remains rare.

8.4 Open Challenges in the Engineering Ecosystem

The ecosystem shows a clear progression from model infrastructure to persistent agent runtimes and multi-component
orchestration, but the boundaries between these layers remain fragmented. Model training and serving systems ex-
pose different execution semantics from agent runtimes; agent frameworks use incompatible representations of tools,
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messages, workflows, events, and state; and multi-agent systems rarely share a common representation of task de-
pendencies, capabilities, authority, communication, and runtime state. Protocols such as MCP improve capability
interoperability, but they do not provide a common representation for executable system organization.

A second limitation is that current dynamism is primarily within predefined structures. Conditional edges, routing,
parallel fan-out, worker assignment, and recovery can change an execution path without changing the persistent orga-
nization that governs future executions. GPTSwarm and a small number of research-oriented systems expose topology
optimization, but systematic cross-run evolution remains uncommon. This creates a gap between current orchestra-
tion frameworks and the RSI view of Graph Engineering, where runtime evidence should be abstracted into reusable
structural changes.

Finally, state remains divided among model checkpoints, agent memories, workflow snapshots, message histories,
event logs, and temporal knowledge stores. Existing observability tools can reconstruct what executed, but they sel-
dom capture typed causal relations between observations, decisions, structural mutations, failures, recovery actions,
and later system improvements. A more complete Graph Engineering substrate should therefore support typed and
versioned work, team, and runtime structures; safe structural transactions and validators; persistent provenance; replay
and rollback; graph-level tracing and counterfactual comparison; and controlled mechanisms for retaining successful
structural changes across executions.

9 Applications of Graph Engineering

Applications provide a complementary view of Graph Engineering. Unlike benchmarks and open-source libraries,
which can be organized naturally by intelligence level, applications are better distinguished by the domains in which
structural decisions affect real work. We therefore organize this section by application domain while using intelligence
level and Graph Engineering focus as cross-domain descriptors.

We include both research prototypes and deployed agent systems when task organization, agent relations, or runtime
state have operational consequences. The term Graph Engineering need not be used explicitly by the original system.
A workflow, team, dependency structure, or persistent environment is relevant when changing that structure changes
how the system executes. Systems that use a knowledge graph only as an external retrieval source are not included
unless the graph also affects task organization, agent coordination, or runtime behavior.

Table 3 uses I and S to denote Individual and System Intelligence. Some systems span both levels as they evolve
from a single persistent agent toward parallel or multi-agent execution. The Focus column maps each application to the
current Graph Engineering directions of Work Organization, Agent Team, Runtime State, and System Evolution. These
assignments are non-exclusive and reflect our interpretation of the operational structure exposed by each system. Pure
Model Intelligence applications are omitted because model capability alone does not constitute Graph Engineering
without persistent agent execution or system structure.

9.1 Software Engineering and IT Operations

Software engineering is one of the clearest domains in which the progression from Individual to System Intelligence
is already visible. Early multi-agent systems such as MetaGPT and ChatDev structured software development around
predefined stages and specialist roles [119, 286], while SWE-agent showed that the interface between an agent and a
repository can itself strongly shape execution [418]. OpenHands broadened this interaction model through a persistent
event stream connecting code, shell, browser, and delegation [359].

Recent coding systems increasingly make parallel agent work an explicit engineering object. Codex supports concur-
rent agents operating in isolated worktrees, while Claude Code combines subagents, checkpoints, hooks, background
execution, and agent teams [10, 261]. OpenCode exposes configurable primary agents and subagents, whereas Cline
represents tasks and dependencies on a shared board and persists team state across sessions [5, 50]. These systems
shift software engineering from managing one agent trajectory toward managing concurrent work, isolated branches,
dependencies, test feedback, and merge decisions. Project ALICE extends the same structural view to IT operations
by coordinating specialist agents over telemetry and software dependency evidence [251]. The remaining challenge is
to connect planning, code dependencies, ownership, external side effects, testing, and recovery in a versioned structure
that can explain not only whether a patch succeeded but why a particular organization of work succeeded.
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Table 3 : Representative applications of System Intelligence. Level denotes the primary intelligence level: I = Individual Intel-
ligence, S = System Intelligence, and I/S = systems spanning both. Focus summarizes the principal Graph Engineering concerns:
Work Organization, Agent Team, Runtime State, and System Evolution.

System Application
Domain

Level Focus Structural role Evidence or artifact Link

Software Engineering and IT Operations

MetaGPT [119] End-to-end software
production

S Work/Team SOP-derived stages assign requirements, architecture,
implementation, and review to specialized roles with structured
intermediate artifacts

Collaborative software generation with executable
projects and role-specific artifacts

P

SWE-agent [418] Repository issue resolution I Work/State Agent-computer interface constrains repository navigation,
editing, commands, and test feedback within an iterative
execution trajectory

Patch resolution on real repository issues with
observable action and test trajectories

P

OpenHands [359] General software
development

I/S Team/State Event-stream runtime connects code, shell, browser,
observations, and delegation while preserving execution history

Reproducible platform and evaluation across
software-engineering tasks

P

Codex [261] Production software
engineering

I/S Work/Team/State Multiple coding agents execute parallel tasks in isolated
worktrees with project threads, skills, review, and background
automation

Deployed coding system supporting parallel
long-running engineering work

�

Claude Code [10] Repository-scale coding I/S Work/Team/State Agent loop combines repository tools, checkpoints, hooks,
background tasks, subagents, and parallel agent teams

Long-running coding workflows and demonstrated
parallel agent-team software development

�

OpenCode [5] Open coding agent I/S Work/Team Primary agents delegate specialized work to configurable
subagents with separate permissions, tools, and child sessions

Open implementation supporting planning, coding,
review, research, and parallel delegated tasks

�

Cline [50] Parallel software development S Work/Team/State Dependency-linked tasks execute in isolated worktrees;
persistent teams use a shared task board, mailbox, and mission
log

Parallel coding tasks, cross-session team state,
automated dependency chains, and reviewable
diffs

�

Project ALICE [251] Cloud incident localization S Work/Team/State Specialist agents collect telemetry, construct service and code
dependency evidence, and localize operational faults

Incident investigation artifacts and validation on
ITBench scenarios

�

Scientific Discovery and Laboratory Automation

SciAgents [94] Materials discovery S Work/Team Ontological knowledge structures ground specialized agents
that generate, criticize, and refine scientific hypotheses

Generated hypotheses, mechanisms, design
principles, and materials proposals

P

The AI Scientist [226] Automated ML research I Work/State A long-running research workflow links ideation,
implementation, experiments, visualization, writing, and
simulated review

End-to-end generated experiments and
manuscripts across multiple ML subfields

§

Virtual Lab [332] Nanobody design S Work/Team/State A principal-investigator agent organizes specialist scientist
agents and external computational tools through research
meetings

Experimentally validated SARS-CoV-2 nanobody
designs with human oversight

P

Co-Scientist [99] Scientific hypothesis
generation

S Work/Team/State Supervisor-managed specialized agents asynchronously
generate, critique, rank, and refine hypotheses under a
structured research objective

Experimentally validated biomedical hypotheses
and test-time scaling of hypothesis quality

P

Robin [95] Experimental biological
discovery

S Work/Team/State Literature and data-analysis agents connect hypothesis
generation, experiment proposals, laboratory results, analysis,
and revised hypotheses

Lab-in-the-loop discovery and experimental
validation of therapeutic candidates

P

Healthcare and Clinical Decision Support

DeepRare [474] Rare-disease diagnosis S Work/Team/State A central host coordinates specialized phenotype, genotype,
retrieval, and analysis agents while maintaining accumulated
diagnostic evidence

Evaluation across heterogeneous clinical datasets
with traceable evidence-supported reasoning

P

AMIE [201] Longitudinal disease
management

S Work/Team/State Dialogue and management-reasoning agents share patient
history across visits and ground evolving care plans in clinical
guidelines

Multi-visit virtual OSCE evaluation against
primary-care physicians

P

CARE-AD [190] Longitudinal Alzheimer risk S Work/Team/State Specialized assessments aggregate multimodal evidence across
clinical time points into coordinated longitudinal predictions

Retrospective prediction across multiple horizons
from longitudinal EHR notes

P

MAP [43] Inpatient clinical pathways S Work/Team/State Triage, diagnosis, and treatment agents encode staged
responsibilities along a clinical pathway

Evaluation of multi-agent enhancement across
inpatient pathway decisions

P

Enterprise Workflows and Digital Organizations

WorkTeam [208] Natural-language-to-
workflow

S Work/Team Supervisor, orchestrator, and filler agents jointly transform
natural-language requirements into executable workflows

Workflow generation over 3,695 real-world
enterprise samples

P

SOAN [396] Nested workflow automation S Work/Team Reusable structural units are incrementally encapsulated as
agents in a formalized hierarchical network

Improved adaptability, fault tolerance, and
execution efficiency on complex workflows

P

FinRobot-ERP [417] Financial ERP processes S Work/Team/State Business-process structures coordinate specialist agents and
insert operational controls around consequential transactions

Case studies in wire transfers and employee
reimbursement

P

Agent-Ops [324] E-commerce SOP automation S Work/Team/State SOP grooming, web execution, and document verification are
assigned to cooperating components in an auditable operational
chain

Production deployment across seven SOP
categories with more than 1,000 account managers

P

Gemini Enterprise
Agentic RAG [295]

Enterprise knowledge
workflows

S Work/Team/State Root, planning, query-rewriting, retrieval, sufficient-context,
and synthesis agents iteratively coordinate multi-source
information gathering

Cross-corpus enterprise retrieval with iterative
sufficiency checking and public-preview
deployment

�

General-Purpose Digital Agents and Personal Automation

OpenClaw [263] Persistent digital assistance I/S Team/State A gateway manages isolated agent identities, workspaces,
authentication, session stores, skills, and channel-to-agent
routing

Persistent agents operating across communication
channels with independent state and workspace
boundaries

§

Hermes Agent [257] General task execution I/S Work/State A persistent agent combines tools, delegation, memory,
reusable skills, scheduled execution, and multi-platform access

Cross-session memory and agent-generated skills
that retain procedures learned during previous
tasks

§

Social and Economic Simulation

AgentSociety [457] Large-scale social simulation S Team/State Large agent populations interact through a realistic shared
environment and parallelized social processes

Simulations of up to 30,000 agents and
intervention-based social experiments

P

EconAgent [188] Macroeconomic simulation S Team/State Heterogeneous households repeatedly interact with labor and
consumption markets while memory incorporates prior personal
and market experience

Multi-period macroeconomic dynamics compared
with rule-based and learned agents

P

SRAP-Agent [137] Public-housing allocation S Work/Team/State Applicant agents, allocation rules, scarce resources, and
outcomes form an explicit policy simulation and optimization
process

Policy simulation and optimization for efficiency
and equity

P

TwinMarket [422] Financial-market simulation S Team/State Social and trading interactions connect heterogeneous agent
decisions to a shared market environment and collective
feedback

Emergent group behavior, bubbles, and recessions
in simulated financial markets

P

9.2 Scientific Discovery and Laboratory Automation

Scientific discovery is naturally structured by dependencies among hypotheses, evidence, tools, experiments, and re-
searchers. SciAgents uses an ontological knowledge structure to ground coordinated scientific agents, while the AI
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Scientist organizes ideation, implementation, experimentation, writing, and review into a long-running research pro-
cess [94, 226]. The Virtual Lab makes team structure explicit through a principal-investigator agent and specialist
scientist agents, and importantly connects their computational work to physical experimental validation [332].

More recent systems move toward closed scientific feedback loops. Co-Scientist assigns generation, critique, ranking,
and refinement to specialized agents managed by an asynchronous supervisor [99]. Robin combines literature-search
and data-analysis agents with laboratory results so that experimental evidence can directly update subsequent hypothe-
ses [95]. These systems demonstrate increasingly sophisticated Work, Team, and Runtime State structures, but iterative
hypothesis refinement should not be confused with persistent evolution of the agent organization itself. For Graph En-
gineering, the stronger requirement is to preserve hypotheses, negative results, data lineage, experimental interventions,
and causal dependencies while allowing evidence to influence future system structure in a reproducible manner.

9.3 Healthcare and Clinical Decision Support

Healthcare exposes the need to jointly engineer specialization, longitudinal state, authority, and evidence provenance.
Earlier multi-agent consultation systems such as MAC showed that several doctor agents and a supervisor can repro-
duce aspects of multidisciplinary diagnosis [40]. DeepRare provides a more explicit systems architecture in which a
central host coordinates specialized phenotype, genotype, retrieval, and analysis agents while accumulating traceable
diagnostic evidence [474]. CARE-AD and MAP similarly organize specialist reasoning across longitudinal evidence
and staged clinical responsibilities [43, 190].

AMIE extends this problem from one diagnostic episode to disease management over multiple visits. Its dialogue agent
maintains conversational state while a management-reasoning agent synthesizes longitudinal patient information and
clinical guidelines into evolving care plans [201]. This illustrates why Runtime State in healthcare is more than conver-
sation memory: previous symptoms, treatments, responses, investigations, and recommendations change the validity
of later actions. Clinical Graph Engineering must therefore preserve provenance, uncertainty, access boundaries, and
human authorization together with the task and agent structures. Graph organization can improve coordination and
traceability, but it does not establish clinical correctness by itself.

9.4 Enterprise Workflows and Digital Organizations

Enterprise applications make structural constraints concrete because actions are governed by business processes, or-
ganizational roles, permissions, and consequential updates to external systems. WorkTeam assigns workflow con-
struction to supervisor, orchestrator, and filler agents, while SOAN builds hierarchical networks by encapsulating
reusable workflow structures as agents [208, 396]. FinRobot-ERP connects specialist agents to business-process mod-
els for financial operations, and Agent-Ops combines SOP refinement, web execution, and document verification in a
production-oriented multi-agent pipeline [324, 417].

Enterprise knowledge access is undergoing a similar transition. Gemini Enterprise Agentic RAG decomposes multi-
source retrieval into orchestration, planning, query rewriting, search, context sufficiency checking, and synthesis, and
uses feedback to continue retrieval when required information remains missing [295]. Across these systems, task com-
pletion alone is insufficient. A structurally valid enterprise agent must also respect permissions, separation of duties,
policy constraints, transaction boundaries, and rollback obligations. This distinction between a planned workflow and
committed external state makes enterprise automation a particularly important setting for Runtime State Management
and governed Graph Engineering.

9.5 General-Purpose Digital Agents and Personal Automation

A newer application class consists of persistent digital agents that are not confined to a single professional domain.
OpenClaw uses a gateway to maintain separate agent identities, workspaces, authentication profiles, sessions, and
channel bindings, allowing persistent agents to operate across communication surfaces while retaining explicit state
boundaries [263]. Hermes Agent similarly combines system tools, delegation, scheduled execution, persistent memory,
and reusable skills across sessions and platforms [257]. In these systems, the agent is no longer instantiated only
for one task; it becomes a persistent computational entity with accumulated state and continuing access to external
capabilities.
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This persistence also exposes an important boundary of current Graph Engineering. Hermes can convert successful
procedures into reusable skills and revise them after later experience, while OpenClaw can maintain several isolated
agents and route interactions between users, channels, and agent identities. These mechanisms provide cross-run
adaptation and persistent organization, but they do not yet amount to general structural self-evolution. The broader
challenge is to determine which experiences should alter future work structures, capability assignments, or agent
relations, and how such changes can be validated, versioned, and reversed.

9.6 Social and Economic Simulation

Social and economic simulation moves the graph from an internal execution mechanism to part of the phenomenon
being studied. AgentSociety supports large populations of interacting agents in realistic parallel environments [457];
EconAgent models heterogeneous households whose repeated work and consumption decisions interact with macroe-
conomic state [188]. SRAP-Agent connects applicant decisions, allocation rules, scarce resources, and policy out-
comes [137], while TwinMarket couples individual social and trading behavior to shared market feedback and emer-
gent financial dynamics [422]. Here, Agent Team structure determines who interacts with whom, while Runtime State
records how local decisions alter the environment faced by later agents.

The same structure that enables simulation also creates an epistemic risk. Emergent behavior in an agent society
depends on model choice, persona construction, interaction topology, memory, prompting, and environment rules.
A graph-engineered simulator can make these assumptions explicit and support topology interventions, replay, and
controlled ablations, but simulated emergence should not be interpreted as evidence of real-world causality without
calibration against observations and explicit uncertainty analysis.

9.7 Cross-Domain Findings

Across application domains, the maturity of Graph Engineering is uneven. Work Organization and Agent Team Engi-
neering are already common: applications routinely decompose objectives, assign specialized roles, schedule parallel
work, and define communication or dependency structures. Explicit Runtime State Management is also becoming more
visible through checkpoints, longitudinal patient records, shared task boards, event streams, experimental evidence, and
evolving environments. Persistent System Evolution, however, remains rare. Most systems adapt execution within a
predefined organizational structure rather than permanently revising that structure from accumulated evidence.

A second trend is the practical transition from Individual to System Intelligence. Software agents provide the clearest
example: systems that initially centered on one coding trajectory now expose subagents, parallel worktrees, persistent
task boards, agent teams, and supervisory interfaces. Similar changes are appearing in scientific discovery, enterprise
workflows, and persistent digital assistants. Nevertheless, additional agents do not by themselves produce System
Intelligence. The value of the system depends on how work is decomposed, how responsibilities are assigned, how
state is shared, and how failures are diagnosed and recovered.

The application evidence therefore supports a narrower distinction between being graph-structured and being graph-
engineered. Contemporary systems increasingly execute through explicit work, team, and state structures, but these
structures are still usually selected manually or fixed before execution. Advancing toward full Graph Engineering
requires structural objectives, graph-level observability, controlled mutation, cross-structure consistency, and evidence
that successful structural changes persist and transfer across tasks and time.

10 Conclusion

Large language models have rapidly evolved from standalone generators into individual agents capable of sustained
interaction, tool use, and iterative execution. Yet, as tasks become more heterogeneous, interdependent, and long-
horizon, the limitations of individual intelligence become increasingly clear: a single agent loop struggles to support
parallel work, specialized expertise, independent verification, and persistent state. This survey argues that the next
frontier is System Intelligence, the ability of an agent system to organize complex objectives, coordinate heterogeneous
components, and maintain coherent runtime state across the task lifecycle.

To support this transition, we introduce Graph Engineering as a structure-centered engineering paradigm that uses
graph abstractions to make system relations explicit, operational, and adaptable. We organize the literature around
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three complementary graph views: work organization, agent coordination, and runtime state management. Together,
these views show how graphs can be used not only to represent tasks, agents, and states, but also to schedule work,
bind capabilities, trace execution, localize failures, and enable controlled evolution. Across the surveyed methods, a
common lesson emerges: system-level intelligence depends less on simply adding more models or agents, and more
on explicitly organizing the relations among work, actors, and state.

Despite rapid progress, Graph Engineering remains an emerging field with important open challenges, including seman-
tic alignment, graph governance, evaluation, privacy, and safe self-improvement. We hope this survey provides a useful
foundation for understanding how graph-based abstractions can support the design of more scalable, controllable, and
evolvable agent systems, and for guiding future work toward graph-native infrastructure for system intelligence.
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11 Appendix

11.1 Comparison with Related Surveys

Recent surveys examine LLM-based agents from several complementary perspectives. Broad agent surveys organize
the field around planning and reasoning, memory, tool use, interaction with environments, and multi-agent coordination
[170]. Graph–agent surveys focus more specifically on how graph structures enhance planning, execution, memory,
tool use, reasoning, and multi-agent interaction [20, 218, 313]. These studies provide comprehensive accounts of
agent capabilities and graph-enhanced agent functions, but their primary objective is to characterize or improve the
capabilities of individual agents and multi-agent architectures rather than to organize the full engineering progression
from models to system-level intelligence.

A second line of work focuses on the engineering infrastructure that turns foundation models into operational agents.
Recent surveys trace the transition from prompting and context construction toward workflow and harness engineering,
emphasizing that agent performance depends on both model capability and the surrounding execution infrastructure
[107]. Harness-centered surveys further formalize execution loops, tool interfaces, context management, persistent
state, lifecycle control, and evaluation as first-class runtime components [242]. Related studies examine externalized
capabilities and code-centered harnesses [255, 484], while workflow surveys study planning, orchestration structures,
executable workflows, and their optimization [432, 443]. These surveys substantially overlap with the transition from
Model Intelligence to Individual Intelligence and with parts of task organization, but they generally take the individual
agent runtime or executable workflow as their primary engineering object.

A third line of work moves toward system-level organization and evolution. Multi-agent orchestration surveys study
task decomposition and allocation, coordination topology, communication protocols, state management, control-flow
sequencing, failure recovery, and dynamic orchestration [495]. The LIFE survey connects individual capability, multi-
agent collaboration, failure attribution, and autonomous self-evolution [284], while broader surveys of self-evolving
agents organize how different agent components are persistently improved through experience and feedback [90]. Most
closely related to our structural perspective, recent work formulates self-evolving agents as dynamic graph transforma-
tions, representing memories, tools, skills, workflows, and inter-agent relations as typed graph objects whose structures
can evolve over time [406]. Its primary question is how agent evolution can be modeled and governed through dynamic
graph transformation. Our survey instead begins from the organization of system intelligence and treats Task Organi-
zation, Agent Coordination, and Runtime State Management as explicit and interconnected system-level structures,
with System Evolution describing how execution experience persistently improves these structures. Beyond structural
organization and evolution, we further consider Ontology Engineering as a semantic foundation for defining shared
system entities, relations, and constraints.

Table 4 compares representative surveys according to their substantive coverage of major topics in agent and system
engineering. We focus on Harness, Loop, Planning, Workflow, multi-agent systems, Runtime State, Self-Evolution, and
Ontology because these dimensions more directly distinguish how existing surveys treat the construction, execution,
organization, and evolution of agent systems. Model-level topics such as foundation models, prompting, and context are
not separately tabulated because they are widely used as general background across agent surveys and therefore provide
limited discriminative value. Component-specific surveys devoted only to memory, tools, GraphRAG, evaluation, or
individual application domains are not tabulated, although they remain important background references.

11.2 Distinction with Graph-based Approaches in Agents

The coverage comparison above clarifies which parts of agent and system engineering are addressed by existing surveys,
but topic coverage alone does not capture the main distinction of Graph Engineering. The key difference lies in
the architectural role assigned to graph structures. Existing graph–agent approaches typically use graphs to enhance
particular capabilities, such as reasoning, planning, memory, retrieval, tool organization, workflow execution, or multi-
agent communication. In these settings, the graph is primarily a representation or computational mechanism supporting
an agent capability.

Graph Engineering instead treats explicit graph structures as the organizational substrate of the intelligent system. Task
Organization represents goals, subtasks, dependencies, and executable workflows; Agent Coordination represents ca-
pabilities, responsibilities, team structures, and communication relations; and Runtime State Management represents
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Table 4 : Topic coverage of representative surveys related to LLM agents and agent systems.

Survey / study Harness Loop Planning Workflow MAS State Self-Evolution Ontology

LLM Agents’26 [170] ◦ – ✓ – ✓ – – –
Graphs Meet Agents’25 [20] ◦ – ✓ ◦ ✓ – – –
Graph-Aug. Agents’25 [218] ◦ – ✓ ◦ ✓ – ◦ –
Agent Intelligence + Graphs’26 [313] ◦ ◦ ◦ ◦ ✓ – – –
QA-to-Task Completion’26 [107] ✓ ✓ ◦ ✓ ◦ ✓ ✓ –
Agent Harness’26 [242] ✓ ✓ ✓ ◦ ✓ ✓ ◦ –
Runtime Graphs’26 [443] ◦ ◦ ◦ ✓ ◦ ◦ ◦ –
Multi-Agent Orchestration’26 [495] ◦ ◦ ✓ ✓ ✓ ✓ – –
Beyond Individual’26 [284] ◦ ◦ ◦ ◦ ✓ ◦ ✓ –
Dynamic Graph Transform.’26 [406] ◦ – ◦ ✓ ✓ ✓ ✓ ◦

Ours ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

✓: primary organizing axis or dedicated taxonomy; ◦: substantive secondary coverage; –: absent, incidental, or only briefly mentioned as background.
Harness: extra-model capabilities and infrastructure such as tools, memory, skills, interfaces, execution environments, or runtime governance;
Loop: explicit iterative control through action, observation, feedback, verification, recovery, or termination; Planning: task decomposition,
dependency structuring, scheduling, or allocation; Workflow: construction, execution, or optimization of multi-step computational workflows;
MAS: multi-agent roles, allocation, team organization, communication, topology, or orchestration; State: persistent runtime state, provenance,
consistency, failure localization, or recovery; Self-Evolution: experience-driven improvements that persist across executions; Ontology: explicit
ontology engineering or shared machine-interpretable semantics for system entities, relations, and constraints. Symbols indicate substantive survey
scope rather than paper quality; brief background mentions are not counted.

execution state, provenance, failures, and recovery dependencies. These structures are coupled: changes in task organi-
zation can alter capability requirements and agent allocation, changes in agent organization can affect communication
and execution assumptions, and runtime evidence can trigger revisions to task and agent structures. System Evolu-
tion further turns execution experience into persistent structural improvements that can be validated, retained, reused,
or rolled back across executions. Ontology Engineering complements these structures by providing shared, machine-
interpretable definitions of system entities, relations, and constraints, thereby supplying a semantic foundation for their
consistent interpretation and reuse.

The recent dynamic-graph view of self-evolving agents is particularly close to this perspective because it also treats
agent components and relations as explicit graph objects that can change over time [406]. The distinction is primarily
one of organizing question and system scope. Dynamic graph transformation begins from persistent agent evolution
and asks how memories, tools, skills, workflows, and inter-agent relations can be represented and rewritten as evolving
graph structures. Graph Engineering begins from the organization of System Intelligence and asks how task structures,
acting entities, and runtime states should be jointly represented, coordinated, governed, and improved. Evolution is
therefore one dimension of Graph Engineering rather than its sole organizing axis.

This system-level view also clarifies the relationship between Graph Engineering and earlier engineering paradigms.
Prompt Engineering and Context Engineering determine how model capabilities are elicited and what information
is available at inference time. Harness Engineering provides persistent and executable capabilities around the model,
while Loop Engineering organizes these capabilities into bounded, feedback-driven, and goal-directed execution. Graph
Engineering addresses the next organizational scale: how multiple tasks, agents, resources, and evolving runtime states
should be explicitly structured and coordinated as a coherent system. Ontology Engineering further provides a shared
semantic model through which these system structures can be consistently interpreted and connected. In this sense,
the progression from Model Intelligence to Individual Intelligence and ultimately System Intelligence is not defined by
adding more components, but by expanding the engineering object from model behavior, to persistent agent execution,
and finally to the explicit organization, evolution, and semantic grounding of system-level relationships.
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